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Abstract

We study the extent to which collusion can explain the under-provision of clean sanitation
technologies in developing countries. Using latrine desludging services in Dakar as a case-study,
we document that prices are 40% lower in competitive areas than in areas where prices are
coordinated by a trade association. We then develop an experimental just-in-time auction plat-
form with random variation in several design features to formally test for collusive conduct and
estimate the welfare costs of imperfect competition. Consistent with the collusion hypothesis,
we find that bidders systematically avoid competition by placing round focal bids and refraining
from undercutting rivals. We use a K-means clustering algorithm to classify bidders as com-
petitive or non-competitive and simulate counterfactuals in which non-competitive bidders are
replaced with competitive bidders. This would significantly increase take-up of the improved
sanitation technology, with back-of-the-envelope calculations suggesting increased competition
would improve health by a half to a quarter as much as would building improved sewerage

systems—an often prohibitively expensive and demanding undertaking.
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1 Introduction

Imperfect competition resulting from coordination between firms is common in developing countries
and leads to higher prices and fewer transactions. Coordination in pricing and the exertion of
market power are important impediments to growth and efficient resource allocation: imperfect
competition diverts business from lower-cost firms and allows high-cost firms to remain in the
sector (Aghion and Griffith, 2005; Asker et al., 2019; Chaves et al., 2025). Market power can be
particularly strong in the markets of developing countries, where a few firms are highly connected
and antitrust enforcement is limited (Barrett, 1997; Bergquist and Dinerstein, 2020; Ryan, 2020).
In the context of products and services that have positive externalities, the welfare costs of market
power are even more severe (for example, Barkley (2023)). State procurement can be plagued
with inefficiency and high prices (Best et al., 2023). Electronic procurement and intermediation
through auctions may facilitate an increase in competition and a decrease in procurement prices,
although thus far such auctions have been found to primarily increase quality rather than reduce
prices (Lewis-Faupel et al., 2016).

We analyze the importance of collusion in the market for sanitation services in Dakar, Senegal
where the under-provision of clean sanitation technologies increases the risk of health problems. As
a consequence of rapid urbanization and under-investment in public infrastructure, most peri-urban
areas of Dakar and many other large cities in developing countries are not connected to a sewer-
age network. Instead, households rely on individual sanitation systems such as septic tanks and
unimproved pits. These systems need to be emptied periodically (in Dakar this occurs on average
twice per year), a service called desludging. Households choose between manual and mechanized
desludgings. In a manual desludging, a worker enters the pit and extracts the sludge using shovels
and buckets and dumps the sludge in the street. In a mechanized desludging, a trucker pumps the
sludge into a tanker truck and takes it out of the neighborhood, usually to one of three treatment
centers. Survey evidence suggests that slightly more than half of desludgings in Dakar are per-
formed using the manual option, which creates important environmental and health externalities
including increased diarrhea incidence (Deutschmann et al., 2024b). The industrial organization of
the market for residential sanitation services limits competition, potentially contributing to the low
take-up of mechanized desludging in Dakar. Competition is limited in large part by the existence
of a trade association (AAAS) controlling the prices set in the main garages where both member
and non-member truckers park and meet residential clients.

Our objective in this paper is to evaluate the existence of collusion in the mechanized desludging
market and the impact of collusion on the take-up of mechanized desludging and on health out-
comes. We use both non-experimental and experimental variation. The non-experimental variation
compares outcomes in areas controlled by the Association with outcomes in the area it does not
control. The experimental variation comes from an auction system for procurement of sanitation
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designed as a “laboratory” to facilitate the analysis of competition and bidding strategies, and to
allow for counterfactual policy simulations through randomized variation in invitations and auction
formats.

We start by providing non-experimental evidence suggesting the existence of collusion in the
market. We examine the difference in prices between neighborhoods controlled by the Association
and an adjacent municipality (Rufisque) dominated by unaffiliated companies. Prices in Rufisque
are 40% lower than in the rest of the city, even after controlling for household and location charac-
teristics. We document a steep price gradient outside of Rufisque as we move away from the border,
suggesting that most consumers in the areas controlled by the Association do not have access to
suppliers operating in Rufisque. As a result of this price difference, over 90% of the population in
Rufisque uses mechanized desludging compared to 40% in the rest of the city.

We then formally test the hypothesis that providers in areas controlled by the Association
behave non-competitively using data from the experimental auction platform. Specifically, our
objective is to measure the fraction of suppliers behaving competitively when invited to submit
anonymous bids in an auction platform. Together with the government of Senegal, we designed a
just-in-time auction platform for mechanized desludging jobs. The goal was to decrease prices and
increase households’ access to the improved sanitation technology. Households could contact the
call center to obtain a quote for a mechanized desludging. Suppliers were invited to bid by text
message, and the lowest bid was presented to the client, who could accept or reject it. The design
of the platform included a number of experimentally randomized features. Jobs were offered to
a randomly selected group of between 5 and 21 potential bidders. The auction format was also
randomized. In half of the auctions, the platform used a revisable-bid format which periodically
provided invited participants with information about the current lowest standing bid and allowed
bidders to revise their bid. The other half of auctions were conducted using a sealed-bid format.
The bidders’ identities were not revealed to the other bidders in either format.

The experimental analysis proceeds in two steps. First we analyze the bidding behavior of
providers randomly invited to participate in over 5,000 procurement auctions, identifying potentially
collusive strategies, and using machine learning techniques to classify bidders as competitive or
non-competitive. In a second step, we measure the effect of imperfect competition by simulating a
counter-factual distribution of offers under the assumption that firms submit bids according to the
strategy of competitive bidders.

We identify potentially collusive strategies that are inconsistent with competitive bidding, or,
equivalently, strategies that are inconsistent with individual profit maximization (Chassang et al.,
2022; Porter and Zona, 1993, 1999). Our identification strategy exploits the fact that competitive
bidding strategies differ across revisable and sealed-bid auctions, and that bidders are randomly
invited to bid in both formats. We therefore leverage the panel structure of our data to identify

bidders who consistently bid competitively across auctions.



The first violation of competitive bidding which we document is the use of focal prices (round bid
values) in sealed-bid auctions which results in frequent ties. In the case of a tie, the job is allocated
to the participant who submitted the bid earliest. There is a simple and strictly profitable deviation:
cutting one’s bid by a small amount can increase the probability of winning by up to 20%. We
interpret a bidder’s high propensity to submit round focal bids in sealed-bid auctions as evidence
of his being part of a tacitly collusive agreement to soften price competition.

The second violation of competitive bidding which we document is from revisable-bid auctions
and involves bidding early. In the revisable-bid format, bidders are informed of the current lowest
bid every 15 minutes, and can submit a sealed bid in the last 10 minutes of the auction. Assuming
private-value costs, bidding before the closed portion of the revisable-bid auction rather than waiting
to bid and undercutting the lowest standing bid (sniping) in the closed portion of the auction is a
sub-optimal strategy. Waiting reduces the likelihood that the bid is undercut and, to the extent
that bidding is costly, firms are better off learning about rival bids before submitting their own bid
in this paid-as-bid system. In contrast, a benefit of submitting an early bid is the possibility of
coordinating prices by sending a signal to rivals.

Our first set of experimental results documents important differences in the distribution and
timing of winning bids between the two auction formats. In particular, consistent with the presence
of some competitive bids, revisable-bid auctions are significantly less likely than sealed-bid auctions
to end with a focal winning bid (9 pp) and less likely to end in a tie (9 pp). They are also significantly
more likely to attract late winning bids (29 pp). In a significant number of revisable-bid auctions,
a seller will wait until the end of the auction period and then undercut his rival in order to win.
Despite these differences, not all auctions appear to be competitive. In particular, 24% of sealed-bid
auctions receiving more than one bid end in a tie, largely because firms heavily rely on commonly
used focal prices (53% of sealed winning bids are either 25,000 or 30,000 CFA, and 70% of ties
in sealed-bid auctions are at these two prices). Similarly, a large share of winning bids in the
revisable-bid format are placed early (58%).

Next, we exploit the panel dimension of our data and use a K-means clustering algorithm to
classify bidders based on patterns in the timing and roundness of their bids (Bonhomme et al.,
2022). This process yields three groups of bidders: competitive and two different non-competitive
groups. Types are identified based on the consistency with which bidders use non-competitive versus
competitive bidding strategies across auctions and auction formats. We document a strong positive
correlation between bidders’ propensity to avoid focal prices (which avoids ties) in sealed-bid auc-
tions and their propensity to submit late bids and to undercut the standing low bid in revisable-bid
auctions. Competitive bidders both avoid ties by relying less on focal prices in sealed-bid auctions
and snipe at the last minute in revisable-bid auctions. Collusive bidders consistently avoid com-
petition by submitting focal round bids in sealed-bid auctions and bidding early in revisable-bid

auctions. We estimate that roughly a quarter of active bidders are competitive types.



Like the collusion screening literature (Bajari and Ye, 2003; Chassang et al., 2022; Porter and
Zona, 1993), our approach detects deviations from a standard competitive benchmark. We acknowl-
edge that, in isolation, such deviations could theoretically stem from a lack of bidder sophistication
rather than coordinated conduct. However, we interpret our results as evidence of tacit collusion for
three main reasons. First, we find that these deviations are persistent among experienced auction
participants. The classification exercise focuses on active bidders who received several hundred in-
vitations; these firms have had ample opportunity to learn optimal strategies, suggesting that their
behavior is a deliberate choice rather than a persistent error. Second, the deviations are consistent
across mechanisms, and lead to higher prices. The persistent use of focal prices in sealed-bid auc-
tions and early bidding in revisable-bid auctions by non-competitive types lead to higher prices and
lower take-ups. Finally, our initial, non-experimental findings are consistent with our interpretation
that firms operating in areas controlled by the Association are intentionally avoiding competition
in the auctions.

Giving consumers access to competitive quotes would lead to a large increase in the take-up of
mechanized desludging. We estimate that changing the composition of invited bidders by swapping
in one additional competitive bidder lowers the expected winning bid by 360 CFA (or 1.4% of the
mean winning bid). To measure the effect of inviting only competitive bidders to the platform,
we perform a counter-factual simulation exercise in which we predict the distribution of bids and
acceptance decisions under the assumption that all invited bidders use the policy function of the
competitive types. We find that doing so would lower the expected winning bid by 3,000 CFA and
increase the number of mechanized desludgings on the platform by 40%. This gives a lower-bound
on the equilibrium effect of inviting more competitive bidders to the auctions. Very few auctions
include more than one or two competitive bidders and so under the current random invitation rule
competitive bidders do not need to place very low bids in most auctions in order to win (this is the
umbrella effect discussed in Caoui (2022)). If the platform targeted invitations to favor competitive
bidders, these bidders might start bidding more aggressively.

Finally, we use the counterfactual distribution of offers to measure the potential health benefits
of improving competition in the market. We rely on experimental results obtained by Deutschmann
et al. (2024b) to estimate that increasing competition would decrease negative health outcomes by
7 to 10%. While the magnitude of these estimates are smaller (a quarter to a half the size) than the
health benefits of large-scale sanitation infrastructure projects (Alsan and Goldin, 2019; Barreto
et al., 2007; Moraes et al., 2003), centralized auction platforms are much less expensive and it may
be much more politically and economically feasible to increase competition than to build sewerage
systems in places where they do not exist.

This paper builds on an extensive literature testing for collusion. Following the work of Porter
and Zona (1993, 1999), we define collusive behavior as a set of actions that violates individual
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Bernasconi et al. (2024), Chassang et al. (2022, 2023), Clark et al. (2025), Conley and Decarolis
(2016), and Kawai and Nakabayashi (2022). Our paper also relates to an extensive literature using
excessive correlation in bids to detect collusive behavior (Abrantes-Metz et al., 2006; Bajari and
Ye, 2003; Froeb et al., 1993). There also exists a large literature studying the inner workings of
cartels in auction settings (Asker, 2010; Pesendorfer, 2000), as well as more broadly in retail and
manufacturing industries (Byrne and de Roos, 2019; Clark et al., 2024; Clark and Houde, 2013;
Genesove and Mullin, 2001; Igami and Sugaya, 2022). Alé-Chilet and Atal (2020) analyze the role
of a trade association in coordinating actions across a large number of players. We additionally
contribute by testing for and documenting collusion across multiple pricing methods within the same
market. The traditional market and two different auction formats all yield evidence of imperfect
competition and all yield similar price levels.

Our findings also relate to the literature in industrial organization identifying behavioral biases
and failures to maximize profits. DellaVigna (2009) provides an early survey of empirical findings
(including in auction environments), and DellaVigna and Gentzkow (2019) documents the preva-
lence of sub-optimal pricing strategies in retailer markets. Closer to our context, Hortagsu et al.
(2019) estimates the degree of bidder rationality in the context of wholesale electricity auctions.
While we interpret our findings through the lens of tacit collusion, the presence of market fric-
tions (e.g., cash-based transactions) and information frictions (e.g., biased beliefs) can also lead
bidders to make strategic ‘mistakes.” This is similar to Dube et al. (2025) who document that
wage bunching at round numbers may be explained by firms’ behavioral biases or their monopsony
power.

The paper additionally contributes to a growing literature studying the effect of competition (or
lack thereof) on market outcomes in developing countries. Banerjee et al. (2019) finds that operating
costs go down through outsourcing, but consumer prices only decrease when competition increases
through “extended bidding,” and Jack (2013) shows that auctions improve allocative efficiency over
lotteries. Closely related to our context, Bergquist and Dinerstein (2020) uses a field experiment to
measure Kenyan agricultural traders’ market power, focusing on the the pass-through of cost shocks
and subsidies to retail consumers. Additional papers measuring the consequences of imperfect
competition in developing countries include: Alé-Chilet (2018) and Alé-Chilet and Atal (2020)
(Chilean pharmacies), Barkley (2023) (Mexican pharmacies), Bernasconi et al. (2024) (Colombian
electricity distribution), Brown et al. (2025) (organized crime in El Salvador), Mbonu and Eaglin
(2024) (public transportation in South Africa), Neilson (2021) (Chilean elementary schools), Ryan
(2021) (Indian electricity markets), and Walsh (2023) (Ghanaian radio broadcast markets). Less
work has been done on the impact of market power in sanitation markets, particularly in developing
countries, yet the welfare impacts of poor sanitation are large.

The remainder of the paper is organized as follows. In Section 2, we describe the different
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3 gives non-experimental evidence of collusion in the traditional mechanized desludging market.
Section 4 describes the experimental auction design, presents evidence of collusion using auction
and bid outcomes, and identifies firms behaving competitively and those behaving collusively on the
auction platform. Section 5 uses the results from the classification exercise to measure the effects
of collusion on prices, take-up of mechanized desludging, consumer surplus, and health. Section 6

concludes.

2 Residential desludging in Dakar

We start by describing households’ desludging needs and the options they have for satisfying them.
We then describe three main sources of data. We proceed to use that data to describe the structure
of the mechanized desludging market and provide a series of stylized facts about supply and demand.
When a household latrine pit fills, the household must empty it by having it desludged. For
households in Dakar, this tends to happen once or twice a year. Households then have a choice
between three types of desludging services: (i) manual performed by a family member, (ii) manual
performed by a hired worker (called a “baay pell”), and (iii) mechanized using a vacuum truck.
Manual desludging consists of removing the sludge using a shovel and placing it in a pit dug in the
street near the house.! Mechanized desludgings are done with a vacuum truck. The truck pumps
as much sludge out of the pit as possible and takes it relatively far from the household, either
dumping it legally at a treatment center or illegally in a street drainage canal or in the ocean.
The market for mechanized desludging is organized around three treatment centers scattered
across the city and a network of garages (or parking lots) where clients meet service providers.
Based on our discussions with market participants, prices in the traditional market are determined
by bilateral negotiation between clients and truck drivers. Consumers meet providers at garages
and haggle over prices. Walk-in clients at a parking lot are allocated to the driver who is first in line,
and drivers from the same garage do not compete over clients (similar to what often happens at taxi
stands). The proximity of consumers to garages therefore affects both their ability to search and to
negotiate for better prices, as well the cost of providing the service. Furthermore, communication
between truckers within (and across) garages limits the bargaining leverage of consumers, and firms
typically initiate the negotiation by relying on round focal prices that are common across garages.
The rising popularity of cell phones in the years leading up to our sample period has somewhat
eroded the bargaining power of truckers. Since households need to desludge multiple times, many
clients contact truck drivers directly, either by calling their phone number or hailing them on the
street. This has allowed independent truckers to compete with companies affiliated with the main

garages, and offer better prices. The goal of our empirical analysis is to measure the extent to which

!The manual option increases the risk of health-related sanitation problems (for the client, the workers, and other
households in the neighborhood). Manual desludging is technically illegal, though it is rarely sanctioned. It is often
a source of controversy among neighbors.



truckers are willing to deviate from the norm of using focal prices and instead offer competitive

prices when invited to bid.

2.1 Data sources

The intervention and data collection span mid-2012 through mid-2015 in residential neighborhoods
surrounding Dakar, Senegal. We collected (i) administrative data from just-in-time mechanized
desludging auctions, (ii) a baseline and endline mechanized desludging provider survey, and (iii)
four rounds of household surveys of desludging technology choice and price.

Auction platform administrative data: We use panel data from a just-in-time auction platform
for the procurement of residential desludging jobs. Together with the non-governmental organiza-
tion Water and Sanitation for Africa (WSA) and the government’s National Office of Sanitation
of Senegal (ONAS), we ran a call center which auctioned off residential desludging jobs from July
2013 through September 2015. After that, the call center was scaled up by ONAS and then given
to a private sector partner, Delvic. Call-center customers are clustered around the peri-urban areas
of Dakar.

As described in more detail in Section 4.1, the auctions involved randomized components which
allow us to identify collusion and tease out its effects. The administrative data from these auctions
includes the randomized auction format, the randomized number and identities of the desludgers
invited, whether or not they bid, the time and amount of their bid if they made one, the location
of the household that they were bidding on, and the winning bid.

Survey of mechanized desludging service providers: We conducted a baseline survey of 121
desludging truck operators (either the manager of a fleet of trucks, or a driver associated with a
single license plate) in mid-2012, and an endline survey of 152 drivers, 75 truck owners, and 20
managers in mid-2015. Our goal was to conduct a census of individuals associated with all trucks
active in the residential desludging market.

A difficulty measuring firm attributes in this market is that it is not obvious how to define
a ‘firm.” Trucks are used by multiple drivers and the arrangements between owners, managers,
and drivers are unclear. The different parties seem to have limited information about one another
(for example their Association membership or revenue and costs). Because of these issues, there
were low response rates and conflicting answers from different respondents affiliated with the same
truck to key questions about the market. We are reliably able to identify each truck’s main garage.
Other characteristics are less reliable. For example, we asked drivers, managers, and owners about
both individual and company-level membership in the Association in the baseline and endline
surveys. Over 60% of trucks had some form of conflicted answer about membership. As we show
in Section 4, between 37% and 64% of bidders are determined to be members of the Association
depending on how we measure membership. This makes it difficult to use the survey to accurately

describe financial arrangements and competition. Due to these issues, we focus on the incentivized



administrative bidding data for our analysis of competition.

Household survey: We have an unbalanced panel of 16,255 observations from 9,672 households.
We conducted two different surveys, for each of which households were interviewed twice. Both
surveys asked comparable questions about desludging histories. To select households, we overlaid
grid points on a map of Dakar, excluded any grid points which were in uninhabited areas or areas
served by the city sewer network, and spiraled out from each starting point to select households.
Appendix Figure B-1 displays a map with the households’ locations. Our analysis focuses on seven

2 We drop observations from households that did not

of the nineteen arrondissements of Dakar.
receive a desludging over the past year (either mechanized or manual) or with missing responses on
key variables. The final sample includes 9,805 observations from 6,121 unique households. We use
the household survey to measure the distribution of prices and demand across neighborhoods. An
observation corresponds to a household’s most recent desludging performed in the 12 months prior
to the survey. Since there are no posted prices, we use transaction prices reported by households

for both mechanized and manual desludgings.

2.2 Description of the market for mechanized desludging

Figure 1 shows the locations of the garages and the three treatment centers. On average, consumers
are located 4 km away from the closest treatment center, 1.2 km from the nearest garage, and 2 km
from the second closest garage. There is wide variation in the size of garages. The largest garage
hosts nearly 80 trucks, while some garages host only a handful. There is also a group of independent
truckers who operate outside of the garage system and are typically contacted by clients on the
street or by cellphone.

Much of our analysis focuses on peri-urban residential neighborhoods of Dakar, excluding the
arrondissement of Rufisque. In these neighborhoods, relatively few households are connected to
the sewage network and take-up of mechanized desludging is low (44%). Trade is influenced by
the Association of Desludging Operators (or AAAS), which controls the operation and prices of
the larger garages.® The official role of the Association is to help operators collaborate on the
procurement of truck parts and to assign large government and commercial contracts. The influence
of the Association extends beyond members and affects the provision of residential contracts by
all companies throughout the city. This is because AAAS is involved in the largest garages (where

non-member trucks also tend to park), and distributes contracts and services to member and non-

2We chose residential arrondissements and avoided areas connected to the sanitation network and areas that
frequently flooded. The majority of households surveyed are located in five arrondissements: Pikine Dagoudane
(center-west, 14%), Thiaroye (center, 30%), Guédiawaye (center-east, 14%), Niayes (north-east, 37%), and Rufisque
(south-east, 5%). Note that households in Rufisque were not sampled in one of the surveys, explaining the smaller
number of observations.

3We did not survey in the historical center of the city found towards the west of the map because it is relatively
well connected to the sewer network. We did survey in the arrondissement of Rufisque, which is outlined in yellow on
the east of the map. Rufisque is not controlled by the Association and has a more competitive mechanized desludging
market.



Figure 1: Spatial distribution of average prices and demand for mechanized desludging
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member companies. The threat of being excluded represents a risk of reduced profits due to the
loss of non-residential contracts and more difficult access to truck parts for both members and non-
members. Although AAAS has never been prosecuted for price-fixing, the possibility that trade
associations can facilitate collusion in large retail markets is well documented in other markets. See
Alé-Chilet and Atal (2020) for an empirical analysis in Chile.

The cost of providing a mechanized desludging includes the time and fuel required to complete
the job (while pumping sludge at the client’s house and driving from the garage to the client to the
treatment center and back to the garage again), the treatment center’s dumping fee,* and, in some
cases, a referral commission paid to the garage. Mechanized desludging exhibits economies of scale
due to truck maintenance and/or rental costs. Half of the desludgers report paying a commission
for jobs the garage refers to them. A portion of these revenues is redistributed to company owners
in the form of revenue-sharing agreements. For example, desludgers in the largest garages report
being paid by their garage on days when they do not find work.

The extent to which firms can benefit from a thicker market or have the incentive to punish
one another for deviating from collusive agreements depends on excess capacity in the industry, for
which we find ample evidence. To estimate the production capacity of trucks, we ask operators how
many desludging trips they performed over the last ten days. On average, trucks perform slightly
more than one trip per day (residential and non-residential combined), but there is substantial
heterogeneity across trucks. The top ten percent of trucks in terms of number of trips perform
more than three jobs per day, and the most active truck performed over 50 trips in a ten-day
period. Based on these data and discussions with providers, we estimate that a typical job takes
about two hours from start to finish. Most truckers operate with substantial excess capacity, while
only a small fraction operate at full capacity. Eighty-five percent of desludging operators in the
baseline provider survey stated that they could find and take on more jobs if they wanted. This
evidence suggests that the mechanized desludging market in Dakar may be collusive.

Since driving the truck and operating the vacuum pump require significant amounts of fuel, the
cost of diesel and the efficiency of the truck play an important role in determining trucker costs.
The fuel efficiency of the trucks varies substantially with truck size and age, and we estimate that
most trucks get between three and six kilometers per liter of diesel. Diesel prices averaged 750 CFA
per liter over the period, and so fuel cost per kilometer ranges between 125 CFA and 250 CFA.°
Conversations with market participants also reveal that a single latrine pit usually fills the truck
more than halfway, limiting the ability of drivers to service multiple clients without dumping the
sludge at a treatment center in between. About 8% of households require more than one trip.

Table 1 presents summary statistics on transaction price and desludging technology choice from

4The fee for disposal of the sludge at a treatment center is approximately 3,000 CFA.

5In order to estimate the amount of diesel necessary per kilometer for a job, we sent an enumerator on ride-alongs
with two truck drivers, filling the tank at the beginning and end of the day and recording the kilometers traveled and
diesel used.
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Table 1: Summary statistics on desludging choices and prices

Variable Mean Std. Dev. Min. Max. N
Mechanized price (x1K) 22.82 7.61 10 50 4865
Baay pell price (x1K) 14.28 6.5 5 40 2339
Family price (x1K) 0.53 2.54 0 25 2601
Choice: Mechanized 0.5 0.5 0 1 9805
Choice: Baay pell 0.24 0.43 0 1 9805
Choice: Family 0.27 0.44 0 1 9805
Truck find: Garage 0.22 0.42 0 1 4865
Truck find: Phone 0.19 0.4 0 1 4865
Truck find: Referral 0.43 0.49 0 1 4865
Truck find: Street 0.1 0.3 0 1 4865
Truck find: Other 0.05 0.23 0 1 4865

Note: Table uses household survey data. Prices and search method to find the truck are conditional on the desludging
method chosen. Prices are measured in 1,000 CFA. Mechanized prices are truncated to be between 10 and 50 thousand
CFA while baay pell prices are truncated to be between 5 and 40 thousand CFA (the 5th and 99th percentile values).

the household survey. Despite the health hazards associated with manual desludging, the reported

market share of the mechanized service is only 50%. This is mostly due to the price difference

between the two options. Hiring a baay pell to conduct a manual desludging tends to cost between
12,000 and 16,000 CFA ($24-$32), with an average of 14,300 CFA. Most households that have a

family member conduct their manual desludging do not pay anything for the service. In contrast,

households pay on average 22,800 CFA (approximately $46) for a mechanized desludging.

Figure 2: Distribution of transaction prices for mechanized and manual desludgings
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Figure 2 shows the distribution of transaction prices from the household survey. Most trans-
action prices for mechanized desludgings are multiples of 5,000 CFA. Almost 30% of mechanized
desludgings cost 25,000 CFA, with 56% of transactions costing 20,000, 25,000, or 30,000 CFA. We
observe similar coarseness in the distribution of prices for manual desludging. This may be partly
due to the fact that firms and clients find it more efficient to use round numbers when performing
cash-based transactions (Beaman et al., 2014). And yet, the fact that a large number of trans-
actions have prices that are not multiples of 5,000 CFA suggests that this does not represent a
hard constraint, and that round numbers could also potentially serve as focal prices upon which to

collude.

3 Non-experimental evidence of collusion

As described above, the mechanized desludging market shows characteristics which would be consis-
tent with collusion. In this section, we provide more specific non-experimental evidence consistent
with the presence of collusion. In particular, we characterize the distribution of prices and demand
in the areas of Dakar that are controlled by the mechanized desludging association, AAAS. These
neighborhoods correspond to areas in which collusion is more likely to be prevalent, as opposed to
neighborhoods in Rufisque in which firms operate independently. We use this analysis to provide
preliminary non-experimental evidence on the importance of collusion in the market. In Section 4,
we continue on to show experimental evidence of collusion.

Prices are much lower in the arrondissement of Rufisque on the eastern outskirts of Dakar which
the Association does not control. In the 1990s a single company, UPAMA, provided desludging
services in the independent municipality of Rufisque. UPAMA’s main line of business was desludg-
ing for fish product processing companies, and it was asked by the city administration to provide
affordable residential desludging. Over time, new companies entered the market to serve growing
demand, but the new companies matched UPAMA’s base price in order to get business. UPAMA
receives no direct subsidies, and we believe the price reflects the cost of providing a mechanized
desludging in the area.

Figure 1 plots the distribution of prices and demand across the neighborhoods of Rufisque and
the rest of the city. The official boundaries of Rufisque are highlighted in yellow. Panel A shows
that the median price for a mechanized desludging in Rufisque is roughly 15,000 CFA, compared
to 25,000 CFA in the rest of the city. This means that the price of a mechanized desludging in
Rufisque is roughly equivalent to the price of a manual desludging. As a result, as shown in Panel
B, nearly all households in Rufisque choose the mechanized option, compared to roughly 40% in
the rest of the city.

Appendix Table A-1 formally tests for differences in observable characteristics of households in
Rufisque versus the rest of Dakar. On average, households in Rufisque tend to be closer to both a

treatment center and a garage. Home ownership is higher in Rufisque than in the rest of Dakar,

13



reflecting the fact that many people move out to Rufisque in the periphery of Dakar in order to be
able to build their own homes.

To account for differences between households in Rufisque and other parts of Dakar, we estimate
the following regression relating mechanized desludging transaction prices p for household ¢ in month
t and household characteristics (including distance to the Rufisque boundary). The household
characteristics z;; we control for include distance to the nearest treatment center, distance to the
nearest mechanized trucker garage, the number of trucks within three kilometers, household size, the
number of earners living in the same household, the number of other households living in the same
house and sharing the same pit, the number of rooms in the house, a house ownership indicator, a
two-story house indicator, a household wealth index, and a wide road indicator. Importantly, the
support of these characteristics is common across both areas (including distance to a treatment

center), allowing us to separately identify the effect of z;; and distance from the border.
pit = g" (Distance to Rufisque;) + 8" + €k = Rufisque, Other. (1)

We estimate this regression separately for the two regions to allow for differences in pricing strate-
gies, and approximate ¢g¥(-) using a step function of distance with 500 meter increments. In addition
to household characteristics, the regressions also control for month-year fixed effects and standard
errors are clustered at the household level. Because Rufisque is located in the southeast portion
of the city, we measure the distance to Rufisque using distance to the nearest western or northern

Rufisque boundary.

Figure 3: Predicted mechanized desludging prices and adoption as a function of distance to Rufisque
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Figure 3a presents the predicted values from these regressions by distance to the Rufisque
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boundary.® The outcomes are predicted using the average characteristics of households living in
Rufisque to eliminate any compositional differences. The green line presents the predicted prices in
Rufisque, and the orange line presents the predicted prices in the rest of the market. The shaded
area represents the 95% confidence interval.

This analysis confirms that lower prices in Rufisque are not due to observed differences in house-
hold or location characteristics. In the rest of the market, which is controlled by AAAS, mechanized
desludging prices increase rapidly with distance from the Rufisque border, but predicted prices are
flat with respect to distance from the border in Rufisque. Households in Dakar living within 500
meters of the official Rufisque boundary pay nearly the same price as their neighbors in Rufisque;
roughly 15,000 CFA. The gap widens significantly as we move more than one kilometer away from
the boundary. Low prices in Dakar near the border of Rufisque may be due to competition spilling
over the boundary, or may be because the official boundary differs from the de facto boundary.
Households in Dakar more than 1.5 kilometers from the Rufisque border pay close to 25,000 CFA,
and the price schedule is independent of distance to Rufisque at further distances. In contrast,
prices for manual desludgings (results not shown here) do not differ significantly across the region,
although so few residents of Rufisque get a manual desludging that we have very few observations
of manual prices within Rufisque.

Figure 3b repeats the same exercise but for demand. In particular, we re-estimate equation
(1) where the outcome is an indicator for whether the most recent desludging transaction was
mechanized. The figure plots the predicted take-up rate for observationally equivalent households
living on either side of the Rufisque boundary. Results suggest that mechanized and manual
desludging are close substitutes, and as a result demand for mechanized desludging is very elastic.
The mean difference in prices between the two regions is roughly 10,000 CFA, while the predicted
take-up rate is 30 percentage points higher in Rufisque, leading to an elasticity estimate of roughly
-3.7

Figure 4 illustrates another important difference between the two areas: price dispersion. Since
mechanized desludging prices in Rufisque mostly reflect mechanized desludging costs, we observe
very limited dispersion in transaction prices across households in that region. In contrast, prices
are more dispersed in the areas controlled by the Association in the rest of Dakar. Roughly 25% of
households in the rest of Dakar pay mechanized prices comparable to those paid in Rufisque. The
remaining 75% of households pay higher prices, and a sizable fraction pay more than double the
average Rufisque price.

Importantly, Figure 4b shows that prices are dispersed across consumers even within narrowly
defined neighborhoods. The figure plots the distribution of price residuals obtained by taking the

difference between transaction prices and the corresponding neighborhood averages (5 neighbor-

5 Appendix Table A-2 presents the coefficients estimated by the regression.
"We obtain a similar elasticity measure using the distance gradient of the predicted demand and price curves from
0 to 2 km.
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Figure 4: Distribution of mechanized prices in Rufisque and in the rest of the market
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hoods in Rufisque and 23 in the rest of Dakar). The inter-quartile range (IQR) of this residual price
is 1,800 CFA in Rufisque, compared to 8,600 CFA in the rest of the market. This suggests that
household location, which is the main component of desludger costs, only explains a small fraction
of the observed dispersion in prices paid by consumers in the areas controlled by the Association.
This is consistent with the presence of imperfect competition in the market, potentially due to price
discrimination and search frictions.

Why do Rufisque operators fail to provide low-cost desludging in high-priced Dakar neighbor-
hoods? Apart from the potential for retaliation, our data suggest that Rufisque companies are
capacity constrained. Figure 5 illustrates the distribution of the number of trips each truck made
in the past ten days based on the survey of mechanized desludging service providers. Based on
discussions with drivers and truck operators, we estimate full capacity at five jobs per day, an up-
per bound for ideal conditions. The data reveal a striking contrast in utilization: 70% of Rufisque
truckers conduct two or more jobs daily, compared to 14% in the rest of Dakar. Consistent with the
collusion hypothesis, we conclude that while the Dakar market is characterized by excess capacity,
Rufisque operators physically lack the slack required to expand supply.

In summary, this non-experimental analysis suggests that there are differences in competitive
conduct between areas controlled by the Association and the Rufisque neighborhood. Assuming
that unobserved cost differences are continuously distributed around the Rufisque boundary, the
results establish that the average household in the Association-controlled neighborhoods pays a
significantly higher markup for mechanized desludgings than the average household in Rufisque,
and as a result is less likely to use the mechanized desludging option. This is consistent with the
hypothesis that the Association is successful at restricting supply and maintaining high prices in
most areas of Dakar. In the next section, we test for collusion using data from the experimental

auction platform.
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Figure 5: Distribution of the number of trips per truck in 10 days
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4 Experimental design and evidence of collusion

We now turn to the evidence for collusion derived from the exogenous variation in the randomized
auction platform. Our objective is to measure the fraction of suppliers behaving competitively when
invited to submit anonymous bids. In collaboration with the government of Senegal, we designed
a centralized auction platform which allows us to analyze bidding behavior in a controlled environ-
ment. The call center was advertised across Dakar in television ads, radio ads, and billboards. We
randomized both the auction format as well as how many and which bidders were invited to each
auction. By repeatedly observing desludger participation and bidding behavior under randomly
selected auction formats, we can measure each firm’s propensity to behave competitively.

In this section, we start by describing the auction platform and the sources of random variation.
We then describe our identification strategy for auction-level and bidder-level analyses. We show
results testing for collusion (or behavior inconsistent with competitive bidding) using auction-level
outcomes. We then take advantage of the panel data on bidder behavior to first show that there
are consistent differences in behavior across bidders, who utilize non-competitive strategies specific
to each auction format, and then use K-means clustering to measure the fraction of competitive
bidders on the platform. In the following section, we apply this categorization to conduct a partial

equilibrium counterfactual analysis estimating the harm that collusion causes in decreasing uptake
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of mechanized desludging and leading to poor health outcomes.

4.1 Description of the auction platform

The design of the platform is simple in order to encourage participation by actors on both sides of
the market. The auction platform is entirely phone based. When a household needs a desludging
service, it calls the center and gives the dispatcher basic information about the location of the pit
to be desludged. The call center dispatcher solicits bids via text message, and desludging operators
have one hour to respond by text message. The bidder with the lowest price — after accounting for
any penalties associated with past service problems — wins the auction. In the case of a tie, the
earliest bid at the winning price is awarded the job. The call center dispatcher makes the winning
offer to the client, and if the client accepts, the client’s phone number is sent to the winning bidder
by text message. The client and the operator are then free to make logistical arrangements on their
own, and the household pays the desludging operator directly.

Some customers are surveyed by phone after the desludging takes place. The survey asks about
the quality of the service and if they were charged the right amount. Desludging operators know
they will be penalized in future auctions if they charge more than the agreed price or provide low
quality service. The phone surveys confirm that desludgers do not try to renegotiate prices. In
our analysis, we abstract away from penalties for two reasons. First, penalties were only applied in
the first version of the platform and were discontinued in the later auctions. Second, the platform
design made it difficult for bidders to know whether a penalty was applied to their competitors.
Thus, it is reasonable for us to assume that firms believe the lowest bid wins.

After the auction is over, the final winning bid, but not the identity of the winner, is sent to
all desludgers invited to participate in the auction. We reveal the winning price for two reasons.
First, the Association and participating companies requested information about which bids win,
which might reflect a desire for transparency and fairness, the ability to monitor and maintain
cartel discipline, or an interest in feedback about which bids win in which locations. Second, we
wanted the participants to learn which bids are competitive, and that would be much more difficult
without clear and ongoing feedback about the winning bids.

Truck owners decided to whom to delegate bidding. Bidders can be owners (who may or may not
also manage or drive), non-owning managers, or non-owning drivers. We do not know the roles of all
bidders. Of the bidders we have data on, 37% are owners, 32% are non-owning drivers or managers
who are paid both a fixed salary plus some combination of fee-per-desludging, commission, and
irregular payment, 25% are non-owning drivers or managers paid only a fixed salary, 3% are paid
only fee-per-desludging, 1% are paid only commission, and 1% are paid only irregularly.

The platform randomizes two components of the auctions. First, between 5 and 21 of the
126 registered desludgers are randomly invited to bid in each auction. Invitation probabilities are

independent of distance to the household. In the first version of the platform, invitation probabilities
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differed across bidders as a piece-wise linear function of the number of valid bids submitted in the
prior months. This probability was truncated at the bottom and top to ensure the invitation
probability was bounded away from zero, and was less than 50%. In the later auctions, desludger
invitations were unconditionally random. Invited bidders are informed of the number of bidders
invited, but not their identities.

Second, the auction format is randomized between sealed-bid and revisable-bid formats. In
sealed-bid auctions, the bidders have one hour to submit their bid and receive no information
about other bids until the winning bid is announced at the auction’s conclusion. In the revisable-
bid format, bidders are given updates about the standing low bid every 15 minutes and again 10
minutes before the auction closes, and are allowed to submit revised bids at any time. In both
formats, desludging operators receive reminder messages that bids are still being accepted every

8 The revisable bid format combines

15 minutes and again 10 minutes before the auction closes.
elements of an English auction early on with a sealed bid auction in the final 10 minutes. This
format responds to the technological, bidder, and customer constraints of our context. Most bidders
did not have smart phones, so continuous updating with each new standing low bid was infeasible.
And customers desired a response within a specified amount of time, so a soft close was not possible.

We ran over 5,000 auctions for mechanized desludging services through the call center in collab-
oration with the National Office of Sanitation of Senegal (ONAS) from July 2013 through October
2016. Before the auctions began, we held training sessions to help the bidders understand the
auction process and teach them to bid using the SMS message system. Operators were available to
take calls from the bidders if they had trouble placing their bid. Some auctions were performed for
subsidized households (671 auctions), which affected the price paid by households, though not the
price received by desludgers, and so these auctions are excluded from regressions studying house-
hold acceptance.’ The sample sizes vary across auction-level regressions as follows. There are 5,162
auctions total; 4,177 of those have at least one bid; 2,865 of those have at least two bids; 4,491 are
unsubsidized auctions; and 3,621 are unsubsidized auctions with at least one bid.

The research team designed and managed the platform from its inception in 2013 until January

2015 when the management of the platform was transferred to ONAS. At that point some changes

8Example messages sent to bidders in sealed-bid auctions (translated into English) include the following: “D5.
Invitation. CLIENT: Wakhinane Diaksao Mosque / Tivaouane Diacksao. 03/11 at 12:47. DETAILS: Non-revisable,
60 min, 2 etprse and 6 indiv.” D5 gives the auction number. The description after the word client describes the
approximate location of the pit with a nearby landmark, a slash, and then the neighborhood name. The message
gives the number of invited bidders divided into enterprises and individuals. We didn’t find evidence that the
number of enterprises versus individuals mattered for behavior, so the analysis in this paper does not take that
into account. An example translated reminder message for a sealed-bid auction looks as follows: “D3. Reminder.
CLIENT: Khaatimatoul Mounadjaty School /Ndiareme Limamoulaye. DETAILS: Remaining 30min. Non-revisable.”
Example reminders for revisable-bid auctions include: “D3. Reminder. CLIENT: Khaatimatoul Mounadjaty School
/ Ndiareme Limamoulaye. DETAILS: Revisable, Remaining 30 min. Min actual 25000 (etpse).” and “D3. Reminder.
CLIENT: Khaatimatoul Mounadjaty School / Ndiareme Limamoulaye. DETAILS: Revisable, Remaining 30 min. No
offers received.”

9The subsidy intervention was conducted with a small subset of the Dakar population and is described and analyzed
in Lipscomb and Schechter (2018) and Deutschmann et al. (2024b).
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were made to the design. Penalties were abolished and the invitation rule was modified so that all
truckers had the same probability of being invited rather than over-sampling active participants.
Also, the number of truckers invited decreased on average from 14 to 11. Although the changes
to the invitation rule affected the performance of the platform (by reducing competition), the
assignment of bidders to formats and auctions remained random. Slightly more than half of auctions

were performed prior to the design change (55%).

Table 2: Summary statistics from the auction platform

o 2 6 @ 6

VARIABLES N mean sd min max
Revisable auction indicator 5,162 0.497 0.500 0 1
Number of invited bidders per auction 5,162 12.79 2.672 5 21
New platform indicator (2015-2016) 5,162 0.454 0.498 0 1
Zero bids indicator 5,162 0.191 0.393 0 1
Number of valid bids (at least one bid) 4,177 2437 1.436 1 11
Number of auction invitations per bidder 126 524.0 354.5 15 1,693
Bidder participation probability 126 0.104 0.136 0 0.569
Number of auction invitations per active bidder 39 886.4 286.6 414 1,693
Active bidder participation probability 39 0.246 0.134 0.0691 0.535

Note: Table uses auction platform data at the auction level, the bidder level, and the active bidder level. Active
bidders are those who submit more than 30 valid bids. The table shows random variation in auction format (revisable
vs sealed-bid), and the number of invited bidders per auction. It shows an indicator for whether the auction had zero
bids, and the number of valid bids conditional on there being at least one. It shows the number of auction invitations
and participation probability for all bidders and then again for active bidders.

Table 2 presents summary statistics regarding the auctions and bidders. Around half of the
auctions are randomized to be revisable format and half are sealed-bid. An average of 13 bidders
are invited to each auction, and bidders were invited to bid in 524 auctions on average. The
participation rate is fairly low. The probability of submitting a bid is about 10%, which leads
to an average of 2.4 valid bids per auction, conditional on there being at least one bid. This
low participation rate is due to the fact that a majority of desludgers rarely or ever bid, and the
invitations were not targeted based on bidder availability or distance to client. As we discuss below,
27% of invited bidders do not bid a single time while another 42% bid at least once but not very
frequently. The final 31% of bidders submit more than 30 bids in sealed-bid auctions. These active
bidders are very active, submitting bids 24% of the time.

4.2 Hypothesis and identification strategy

Our objective is to analyze the extent and impact of collusion on the auction platform by exploiting
the random assignment of bidders to auctions and auction formats. We follow the literature by

testing hypothesis that allow us to reject models of competitive bidding (Bajari and Ye, 2003;
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Chassang et al., 2022, 2023; Porter and Zona, 1993, 1999). A bid is deemed ‘competitive’ if it
is consistent with individual profit maximization. Contrapositively, firms that depart from price
competition are classified as non-competitive.

Our first test focuses on the prevalence of ties and round focal prices in sealed-bid auctions.
Focal prices are defined as the two most common bids - 25,000 (bid 28% of the time in sealed-bid
auctions) and 30,000 (bid 25% of the time in sealed-bid auctions). No other bid amount is seen
more than 10% of the time. Round focal bids are a sub-optimal strategy, since the use of these
prices creates mass-points in the distribution of winning bids, and a bidder can do strictly better
by bidding slightly below these focal prices, substantially increasing their probability of winning
the auction for a very small reduction in the price they will be paid.!°

Our second test focuses on the timing of bids in the revisable auctions. The revisable auction
can be thought of as a sequential auction in which firms learn the bids of rivals during the first
50 minutes (the open auction portion), and have the opportunity to submit a final sealed bid in
the remaining 10 minutes (the sealed-bid portion). In this context, bidding early is a sub-optimal
strategy and bidding after the final update of the standing low bid is a best response to the
presence of incremental bidders. See Roth and Ockenfels (2002) and Bajari and Hortagsu (2003)
for theoretical discussion and empirical evidence in the context of eBay auctions.

Consistent with the idea that it is optimal for a competitive bidder to bid in the final ten
minutes of the revisable-bid auctions, desludger Cheikh Gueye explains how he learned to bid in
his 2018 Planet Money Poop Cartel interview (Planet Money, 2018): “Generally, what I do is I
wait until there are only ten minutes left. If no one takes the offer, then I propose a price. And then
immediately, I go so that I have this market.” The interviewer then asks: “You said earlier that the
truckers were united. Did the text messages — did the auction make you less united because you
were competing with each other for price?” And Cheikh Gueye responds, “Even though we used to
be united — but now it’s a competition. And you need to work hard in order to get something in
your business.”

One challenge in implementing these two tests is that bidders are unlikely to behave fully
optimally on the platform even absent collusion. For example, the existence of pricing frictions due
to cash transactions might limit the use of a fine pricing grid, and inexperienced bidders might be
inattentive or have incorrect beliefs about the distribution of rival bids. In our sample, no bidders
avoid dominated strategies across all the auctions in which they participate.

To get around this problem, we instead analyze the difference in the frequency of round and early
bids across the two auction types. Because bidders are randomly assigned to auctions and auction
formats, we can attribute differences in observed behavior across format to strategic responses
to the format. For example, in the revisable format, firms are reminded of the “bid-to-beat,”

and competitive bidders should revise their beliefs and avoid the use of focal prices. Similarly,

9 Excessive correlation and ties is a common screen-test for collusion used by antitrust authorities. Mund (1960)
and Comanor and Schankerman (1976) provide early analyses of identical bids used by cartels.
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competitive bidders have a strong incentive to wait to bid until the last 10 minutes of a revisable-
bid auction, which should lead to differences in the timing of bids across the two formats.
More concretely, we use the randomized auction formats to test two null hypotheses that hold

if there exists a positive fraction of competitive bids. Relative to the sealed-bid auctions:
H;: The fraction of round focal winning bids and ties is smaller in revisable auctions.
Hj: The fraction of winning bids placed after minute 50 is higher in revisable auctions.

Rejection of these null hypotheses would provide evidence that bidders are not using competitive
strategies.

We then proceed with a novel strategy, using an unsupervised learning algorithm to quantify
the share of bidders that are more likely to behave competitively in the auctions. We begin by
assuming that competitive bidders persistently avoid strategic mistakes in both formats. This
leads to a negative correlation between the propensity of bidders to bid round focal prices and tie
in sealed-bid auctions, and to submit late bids in revisable-bid auctions (sniping). To determine
the extent of unobserved discrete heterogeneity among active bidders,'! we use K-means clustering
to partition the bidders on the basis of the variables which used to test the null of competitive
behavior: timing and roundness of bids. This approach leverages the panel dimension of the data,
and the fact that bidders are repeatedly invited to bid in several hundred auctions.

In Section 4.4, we argue that non-competitive bidders are likely using suboptimal strategies
to soften price competition (a form of collusion), rather than due to cash constraints, bounded
rationality, or inattention. We do so by describing institutional features of the market and the
platform that favor the collusion interpretation, as well as by discussing a model of tacit collusion
with focal prices. We also investigate the possibility that submitting low early bids in revisable-bid

auctions could be a competitive strategy.

4.3 Empirical analysis

As part of the empirical analysis, in Section 4.3.1 we first test the two hypotheses discussed above
by comparing auction-level outcomes across the revisable and sealed-bid auction formats. We then
leverage the panel dimension of the data to analyze heterogeneity in competitive conduct at the
bidder level in Section 4.3.2. We use a K-means clustering algorithm to categorize bidders based
on their different strategic behaviors in the two formats. Then we measure the impact of changing

the composition of invited bidders on auction outcomes such as prices and take-up.

We focus on the sub-sample of active bidders who submitted at least 30 bids in sealed-bid auctions (a roughly
10% participation rate). This minimizes the possibility that strategic mistakes are due to inattention, since those
bidders are actively participating on the platform.
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Figure 6: Distribution of winning bids and arrival times across the two formats
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4.3.1 Auction-format effects

We start by analyzing the distribution of winning bids and their arrival times for revisable and
sealed-bid auctions. Figure 6a plots the histogram of winning bid amounts in the auctions, which
closely resembles the distribution of negotiated prices in the traditional market in areas of Dakar
outside of Rufisque displayed in Figure 4. The distribution in the sealed-bid format exhibits mass
points at common focal prices of 25 and 30 thousand CFA. The same mass points are present in the
revisable-bid format, but there are clear differences. Winning bids in the revisable-bid format are
more likely to undercut those focal prices, which leads to a higher density at 24 and 29 thousand
CFA. This implies that cash-transaction frictions cannot fully explain the use of focal prices in both
the traditional market and in the sealed-bid auctions.

Figure 6b shows that in sealed-bid auctions, roughly 30% of winning bids are placed in the first
five minutes. Since the tie-breaking rule favors early bidders, bidding early is an optimal strategy
for all bidders in sealed-bid auctions irrespective of their propensity to collude. In the revisable-bid
auctions, the share of early winning bids is much smaller, and the modal winning bid is placed after
the last message. Between these two extremes, the distribution of bid times reflects the nudges
created by the reminder messages.'? The difference in behavior across the two formats is consistent
with the idea that it is optimal for competitive bidders to submit early bids in sealed-bid auctions
and late bids in revisable-bid auctions. However, the fact that a significant fraction of winning bids
in revisable-bid auctions arrive early suggests that not every bidder behaves competitively.

Since the format is randomly assigned, we use a simple auction-level regression to summarize

the difference in outcomes across revisable-bid and sealed-bid auctions. We estimate

Yy = a Revisable; + x4 3 + ¢ (2)

2In the old platform, reminders were sent at minutes 15, 30, and 50. In the new platform, they were sent at
minutes 15, 30, 45, 50, and 55.
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where y; measures one of five different outcomes for auction ¢: (i) the winning bid amount, (ii) an
indicator for the winning bid being tied, (iii) an indicator for the winning bid being a round focal
price of 25,000 or 30,000, (iv) an indicator for the winning bid coming in after the last reminder
message, and (v) the minute of the first bid. Appendix Table A-3 presents the mean and standard
deviations for the main outcome and control variables used in the analysis.

Table 3 reports the results of equation (2). Panel A is our main specification, while Panel
B presents the results after controlling for auction and client characteristics. The first column
shows that revisable-bid auctions lead to winning bids that are almost 300 CFA larger than sealed-
bid auctions. It is interesting to learn about the effect of the format on average winning bids,
although from a theoretical perspective there is no reason to believe that the two formats should
be revenue equivalent under either collusion or competition. In general, collusion is thought to be
easier to sustain in open auction environments without a hard close (Athey et al., 2011; Graham
and Marshall, 1987; Marshall and Marx, 2007; Robinson, 1985). Our context differs in that the
revisable-bid auction format has a hard close and bids submitted in the last 10 minutes are not
observed by rivals.

The next two columns relate to Hypothesis 1 and analyze the prevalence of ties and round
focal bids. The probability that the winning bidder ties is 9 percentage points higher in sealed-bid
auctions. As column (3) illustrates, this is explained by the fact that firms are significantly more
likely to bid focal prices in the sealed-bid format. This is consistent with Figure 6a above. By
revealing the current lowest bid at the 50th minute, the revisable-bid auction allows competitive
bidders to undercut the standing low bid.

Columns (4) and (5) analyze the timing of bids and relate to Hypothesis 2. As Figure 6b
suggests, the winning bid is 29 percentage points more likely to be placed after the last reminder
message in the revisable-bid format. Similarly the first bid is received three minutes later in the
revisable-bid format (minute 19 versus minute 16). The first bid’s early arrival in both formats
explains the bimodal distribution of winning bid times. Most bidders in the sealed-bid auctions
submit bids immediately after receiving the invitation, while a large fraction of winning bidders in
the revisable-bid format submit late bids (roughly 43%).

This analysis confirms the presence of some competitive bids on the platform. However, the
distributions of bid amounts and bid times also reveal behavior inconsistent with competition; most
notably the prevalence of ties in sealed-bid auctions, and the large share of winning bids that are
received early rather than late in revisable-bid auctions. If all bidders were behaving competitively,
bids in the revisable-bid auction would all arrive after the 50th minute and ties would be very

infrequent in both formats.
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Table 3: Experimental treatment effect of auction format on bidding strategies

(1) (2) (3) (4) (5)

VARIABLES Winning bid ~ 1(Ties) 1(Round) 1(Last message) First bid (min.)

Panel A: Without control variables

1(Revisable) 0.29%* -0.090***  -0.071%*** 0.297%+* 3.29%K¢
(0.12) (0.015) (0.015) (0.013) (0.59)

Observations 4,177 2,865 4,177 4,177 4,177

R-squared 0.001 0.013 0.005 0.101 0.007

Panel B: With control variables

1(Revisable) 0.24** -0.086***  _0.071*** 0.28*** 3.43%**
(0.10) (0.015) (0.015) (0.013) (0.53)
Observations 4,177 2,865 4,177 4,177 4,177
R-squared 0.310 0.034 0.049 0.133 0.205
Unit of observation Auctions Auctions  Auctions Auctions Auctions
Mean dep. variable 25.8 0.19 0.42 0.28 17.3

Note: The dependent variables are (1) the value of the winning bid (in 1,000 CFA), (2) an indicator for the winning
bid being tied, (3) an indicator for the winning bid being a round focal price of 25,000 or 30,000, (4) an indicator
for the winning bid coming in after the last reminder message, and (5) the minute the first bid came in. The sample
includes auctions with at least one valid bid in all columns, and with at least two valid bids in column (2). Additional
controls in Panel B include: log number of invited bidders (by itself and interacted with new platform dummy), log
distance from the client to the nearest treatment center, log average distance from the client to all potential bidders’
garages, client latitude and longitude, log population of the commune, auction number trend (linear, quadratic,
and cubic), new platform indicator, indicators for morning and lunch time, and arrondissement, year-quarter, and
day-of-week fixed effects. Robust standard errors in parentheses. *: p < 0.10, **: p < 0.05, ***: p < 0.01.

4.3.2 Categorizing bidders and their effects on outcomes

The previous section highlighted the presence of non-competitive behavior, while also giving evi-
dence that many winning bids appear to be competitive. For example, the distribution of winning
bids shows that a non-trivial fraction of bids are placed using a fine price grid. Similarly, the
bimodal distribution of winning times in the revisable-bid auctions reveals a mixture of early and
late bids. This heterogeneity could in principle be caused by differences in bidding strategies across
auctions, with bidders submitting competitive bids for certain types of clients or time periods, and
submitting insincere bids for others. Alternatively, this heterogeneity could be due to systematic
differences in the propensity of some bidders to behave competitively in the auctions.

In this section, we test the hypothesis that the data are generated by two groups of bidders:
competitive and non-competitive. Recall that competitive bidders should be more likely to avoid
round focal bids in sealed-bid auctions and submit late bids in revisable auctions. To test this

hypothesis, we exploit the panel dimension of our data by measuring the importance of heterogeneity
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in bidders’ propensity to bid competitively (as opposed to heterogeneity across bids or auctions).
We then relate our measures of the competitiveness of the bidders invited to an auction with auction
outcomes such as average bids and participation frequency.

We conceptualize this as a problem of unobserved heterogeneity and use the K-means clus-
tering algorithm to recover unobserved types, similar to Bonhomme et al. (2022).'* This is an
unsupervised learning algorithm that iteratively partitions the observations into K groups, seeking
to minimize the total within-group deviation from the group averages. See Appendix C for more
details on the algorithm.

Because the K-means algorithm requires credible estimates of the grouping variables that de-
scribe the bidders’ participation, we only include active bidders submitting bids in at least 30
sealed-bid auctions. Since those bidders participate at a much higher rate than the average (30%
compared to 10%), this sample includes the most experienced and attentive bidders. There are
39 bidders who satisfy this criterion. The other 87 potential bidders who are invited to auctions
are considered ‘inactive,” although 53 of them do bid at least once. We use the following grouping

variables in the algorithm:

e Round, Sealed-Bid: The proportion of bids placed by bidder ¢ in the sealed-bid format equal to

the two most common focal bids, 25,000 and 30,000 (A measure of non-competitive behavior).

e Snipe, Revisable-Bid: The proportion of bids placed by ¢ arriving after the final update in the
revisable format either when no other bids have been placed or that undercut the standing

low bid when there is one. (A measure of competitive behavior).

e Early, Revisable-Bid: The proportion of bids placed by ¢ in the revisable-bid format in the

first 15 minutes of the auction. (A measure of non-competitive behavior).

The timing of a bid does not place any a priori restrictions on whether it is a low or high bid, or on
whether or not a bidder is more likely to use focal prices in the sealed-bid auction. Consequently,
there is no mechanical relationship between the results of the K-means clustering algorithm and
subsequent results that regress auction- or bidder-level price outcomes on the number of participants
invited from each group or group membership, respectively.

The number of groups K is selected so that the marginal benefit of an additional group becomes
“small” in terms of reducing the within-group sum of squared errors. Appendix C shows that
increasing the number of groups past three appears to add little value so we create three groups.
We then interpret each of these three groups as a qualitatively distinct type of participant, with

different strategies and competitive propensities.

13Because the word clustering is associated with both the computation of standard errors with correlation in
outcomes across observations as well as the unsupervised learning method, we refer to the collections of firms selected
by the K-means clustering algorithm as ‘groups’ and the variables used to select groups as ‘grouping variables’ to
avoid confusion.
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Table 4: Correlation between grouping variables and other bidder characteristics

Bid Placed Bid Amount Round, S-B. Snipe, R-B. Early, R-B.

Bid Placed 1.00

Bid Amount -0.04 1.00

Round, S-B. -0.00 0.35™" 1.00

Snipe, R-B. 0.18 -0.18*** -0.45*** 1.00

Early, R-B. 0.12 0.08"** 0.38™** -0.82** 1.00

Note: Correlations between bidder-level characteristics. Bid placed and bid amount
correspond to the proportion of invited auctions in which the bidder places a bid, and
the bidder’s average bid conditional on bidding. These variables are not included in the
K-means clustering algorithm. The grouping variables include proportion of round bids
in sealed-bid auctions, proportion of bids that arrive after the final update in the revisable
format when either no other bids have been placed or that undercut the standing low
bid when there is one (snipe), and proportion of bids that arrive in the first 15 minutes
of revisable-bid auctions. *: p < 0.10, **: p < 0.05, ***: p < 0.01.

The correlations between the grouping variables given in Table 4 are useful for understanding
why particular groups arise. Some of the correlations are mechanical; sniping in the revisable-bid
format is strongly and negatively correlated with bidding early in that format. Other correlations
are not so mechanical. There is a statistically significant -0.45 correlation between tending to place
round bids in sealed-bid auctions and sniping in revisable-bid auctions. This suggests that active
bidders who time their bids competitively in revisable-bid auctions also avoid round focal bids that
frequently result in ties in sealed-bid auctions. (Or, conversely, that bidders who decline to snipe in
revisable-bid auctions also tend to place round bids in sealed-bid auctions.) In addition to showing
correlations between the grouping variables, Table 4 shows correlations between grouping variables
and two main final outcomes of interest: the share of times the firm bid and their average bid
amount. The correlations are as expected. Bidders who are likely to place round and early bids
are likely to place higher bids, while bidders who are more likely to snipe are more likely to place
lower bids. These broad patterns illustrate that the variables exhibit relationships which can be

credibly exploited through the K-means clustering algorithm.

Table 5: Group assignment

N. Bidders Bid Placed Bid Amount Round, S-B. Snipe, R-B. Early, R-B.

Competitive 10 0.25 26.30 0.34 0.54 0.11
Non-competitive: early 19 0.26 27.12 0.57 0.07 0.47
Non-competitive: late 10 0.22 28.41 0.68 0.25 0.21

Note: Number and average characteristics of bidders of each type as determined by the K-means clustering
algorithm. The grouping variables used in the algorithm and shown in the table include proportion of round bids
in sealed-bid auctions, proportion of bids that arrive after the final update in the revisable format when either no
other bids have been placed or that undercut the standing low bid when there is one (snipe), and proportion of
bids that arrive in the first 15 minutes of revisable-bid auctions.

The algorithm categorizes the 39 active bidders into three groups. Table 5 shows the size of
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each group, the average probability a member of the group places a bid, the average bid amount
placed by a member of the group, and the average of the three grouping variables. Because K-
means clustering is an unsupervised learning algorithm, the researcher has no direct control over
the assignment of bidders to groups beyond the selection of grouping variables. Nevertheless, the
groups exhibit patterns of behavior that align with our expectations of the unobserved discrete
heterogeneity in the population. We label as competitive the group of bidders with the lowest
frequency of round focal bids in sealed-bid auctions (0.34), the highest propensity to snipe in
revisable-bid auctions (0.54), and the lowest propensity to place early bids in revisable-bid auctions
(0.11). Bidders in this category rely less on dominated strategies in both auction formats, consistent
with our definition of competitive bidding.

Bidders in the other two groups more frequently use dominated strategies. The first group of
non-competitive bidders (non-competitive: early) places round bids in sealed-bid auctions at much
higher frequency than competitive types (0.57), rarely snipes in revisable bid auctions (0.07), and
places early bids almost half the time in revisable-bid auctions (0.47). The second group of non-
competitive bidders (non-competitive: late) has the highest rate of round bids in sealed-bid auctions
(0.68), snipes at almost half the rate of the competitive group (0.25), but avoids early bidding in
revisable-bid auctions (0.21).

Although the K-means clustering algorithm did not target the average bid amount or average
propensity to place a bid, these values align with the groups’ labels. Competitive bidders on average
place lower bids than the other two groups, and have similar likelihood of participation. Bidders
in the “non-competitive: late” group have the lowest likelihood of participating, and submit on
average the highest bids (roughly 2,000 CFA more).

We next use regressions to formally test whether bidding behavior is significantly different across
the three groups. Appendix Table A-5 regresses bid amount and whether a valid bid was placed on
group dummies in the sample of sealed-bid auctions. Inactive bidders are included in the regression
as the excluded category. On average, competitive bidders place bids that are 2,300 CFA less
than those placed by inactive bidders, while non-competitive early bidders bid only 500 CFA less.
Non-competitive late bidders actually bid 500 CFA more than inactive bidders, or 2,800 CFA more
than competitive bidders. This means that the bids of non-competitive bidders are 10% higher
than the bids of competitive bidders. The differences between all three groups are statistically
significant. This provides strong evidence that competitive bidders not only engage in sniping and
avoid bidding early in revisable auctions and avoid placing round bids in sealed-bid auctions, but
also that they place lower bids in the auctions.

We study correlates among all bidders of being inactive (submitting fewer than 30 bids in sealed-
bid auctions) and correlates among active bidders of being considered competitive by the k-means
clustering algorithm. This is a purely descriptive exploration. There are only 39 active bidders, so

we are limited in the number of control variables we can include to explain the assignment. We
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Table 6: Characteristics of inactive and competitive bidders

M @ ® @ ® (©)

VARIABLES Inactive  Inactive  Inactive Competitive Competitive Competitive
Garage has > 15 bidders -0.0933 -0.0936 -0.0757 -0.304** -0.247* -0.379%**

(0.0812)  (0.0866)  (0.0862) (0.127) (0.123) (0.131)
Bidder is truck owner -0.150 -0.151 -0.134 0.475%** 0.509%** 0.510%***

(0.133) (0.137) (0.135) (0.133) (0.128) (0.133)
# domestic jobs last 10 days -0.00658  -0.00651  -0.00644 -0.0112 -0.00876 -0.0128

(0.0195)  (0.0197)  (0.0197) (0.0227) (0.0222) (0.0224)
Client makes first price offer 0.0418 0.0417 0.0430 0.0886 0.124 0.0274

(0.127) (0.129) (0.129) (0.138) (0.132) (0.153)
In business at least 10 years -0.0784 -0.0785 -0.0747 -0.00780 -0.00934 0.0542

(0.115) (0.119) (0.115) (0.133) (0.142) (0.142)
Truck made in 1990 or later 0.00351  -0.000995  0.0147 0.0748 0.213 0.0548

(0.103)  (0.111)  (0.105) (0.146) (0.133) (0.155)
Association member composite 0.000366 -0.0876

(0.126) (0.167)
Association member any yes -0.0967 -0.212%*
(0.125) (0.113)

Observations 126 126 126 39 39 39
R-squared 0.140 0.140 0.147 0.551 0.654 0.575
Sample All All All Active Active Active
Mean dependent variable 0.690 0.690 0.690 0.256 0.256 0.256

Note: Table uses mechanized desludger survey data. The sample in columns (1-3) is all invited bidders, while the
sample in columns (4-6) excludes inactive bidders. Inactive bidders are those who bid in fewer than 30 sealed-bid
auctions. Competitive bidders are determined among active bidders by the K-means clustering algorithm. Garage size
is known for all bidders. Other explanatory variables have missing observations replaced with the mean. Indicators
for missing values are included but their coeflicients are not shown. Robust standard errors in parentheses. ***
p < 0.01, ** p < 0.05, * p < 0.1

know garage for all bidders. Due to non-response in the desludging service provider survey, many
of the other variables have missing values. We assign the missing observations the mean value, and
include a control for the variable being missing. These additional controls again use up degrees of
freedom and further limit the number of controls we can add. Summary statistics for variables are
found in Appendix Table A-4.

The measure of Association membership may be of special interest. We tried to interview
drivers, managers, and owners for all trucks. Due to different individuals giving different answers,
we have multiple measures of Association membership to reconcile. We do so in two ways. First, we
have a composite measure which uses an algorithm to determine a disciplined guess of whether the

bidder is a member.'* According to this measure, 37% of bidders are members of the Association.

YQpecifically, we use the following decision tree, with the the first 9 steps referring to the endline desludging
provider survey. 1) If all respondents agree, use that response. 2) (if not 1) If survey resp (driver, then manager,
then owner) says they are the bidder and the bidder telephone number variable for that survey matches the bidder
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We use a second measure for which we attribute membership to the bidder if at least one individual
(driver, manager, or owner) claims to be a member. According to this measure, a much larger
64% of bidders are members of the Association. On top of the difficulties due to non-response
and conflicting answers, it is also not obvious that bidders will honestly report their membership
status. Due to difficulties measuring membership, we show correlates of competitive status with
and without controlling for membership.

Despite all the caveats, we present results in Table 6. None of the variables included in the
regression predict being an inactive bidder as seen in columns (1-3). Importantly, all truckers
affiliated with the main Rufisque garage are assigned to the “Inactive” category. This is consistent
with our earlier finding that that Rufisque truckers operate at full capacity.

Columns (4-6) show that two variables consistently predict being classified as competitive.
Bidders from the larger garages are less likely to be classified as competitive. And bidders who own
the trucks they are bidding for are more likely to be competitive. This second result could imply
that owners are more likely to bid competitively compared to non-owners. Or, perhaps more likely,
it could imply that the type of owner who decides to bid rather than delegating to a non-owning
manager or driver is more likely to be competitive. Finally, we show that Association members are
slightly less likely to be classified as competitive. The rules-based composite measure has a negative
and insignificant coeflicient, while the measure of any individual associated with the truck claiming
membership has a coefficient that is negative and significant at the 10% level. These results, while
thought provoking, are purely descriptive.

To evaluate the causal effect of non-competitive bidding on auction outcomes, we measure the
effect of randomly inviting different compositions of bidders from the various groups on auction

outcomes. We use OLS to estimate the following regression:

Yt :acompetitiveNcompetitive,t + O4early]\]’early,t + alateNlate,t
3)
+ innvitedNinvited,t + xtﬂ + &4,

where 1 is the amount of the winning bid in auction ¢, the number of total valid bids, whether

at least one bid was placed, and whether the winning bid was accepted conditional on at least

15

one bid being placed or unconditionally for all auctions.”®> The market-structure variables proxy

telephone number, use that response. 3) (if not 2) If the bidder’s telephone number matches any respondent telephone
number (driver, then manager, then owner), use that response. 4) (if not 3) If non-missing responses to who sets
final price and who sets minimum price agree, use that person’s answer. 5) (if not 4) If driver says someone else
is responsible for setting the final price, use that person’s response. 6) (if not 5) If any respondent (driver, then
manager, then owner) says they are responsible for setting the final price, use that response. 7) (if not 6) If driver
says someone is responsible for setting the minimum price, use that response. 8) (if not 7) If any respondent says
they are responsible for setting minimum price, use that response. 9) (if not 8) If driver, manager, or owner answers
whether they are are a member, use that response. 10) (if not 9) If baseline respondent says they are a member, use
that response.

150One might argue that the winning bidder has only won the right to submit their bid as a take-it-or-leave-it offer
to the client, and many of these offers are rejected. We use the term ‘winning bid’ rather than ‘lowest bid’ to be in
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for the competitiveness of each auction, as measured by the number and group type of invited
bidders and characteristics of the job. We control for the total number of active bidders invited
from each group, as well as the total number of invited bidders (which also includes the inactive
bidders who are not placed in groups). Thus, the coefficients o, represent the average change in y;
as a consequence of inviting one additional bidder from group g, controlling for the total number

invited, Ninvited,t-

Table 7: Effect of bidder composition on auction outcomes

(1) (2) (3) (4) ()

VARIABLES N Bids 1(N Bids > 0) Winning bid 1(Accept) 1(Transaction)
N Invited, Competitive  0.21%** 0.028%** -0.36*** 0.021%** 0.026%**
(0.019) (0.0046) (0.048) (0.0073) (0.0063)
N Invited, NC Early 0.22%%* 0.0347%%* -0.085** -0.0013 0.0097**
(0.014) (0.0036) (0.040) (0.0055) (0.0047)
N Invited, NC Late 0.16%** 0.023*** -0.041 0.0017 0.011%*
(0.018) (0.0047) (0.048) (0.0072) (0.0060)
N Invited, Total 0.027%** 0.0069** -0.093*** -0.0043 -0.0018
(0.010) (0.0028) (0.030) (0.0041) (0.0035)
Observations 5,162 5,162 4,177 3,621 4,491
R-squared 0.341 0.191 0.318 0.057 0.056
Competitive=NC Early 0.67 0.20 4.7e-07 0.0057 0.018
Competitive=NC Late 0.027 0.41 1.9e-07 0.041 0.054
NC Late=NC Early 0.0023 0.029 0.43 0.71 0.89
Mean dep. variable 1.97 0.81 25.8 0.30 0.24

Note: The dependent variables are (1) the number of bids placed, (2) an indicator for at least one bid being placed,
(3) the value of the winning bid (in 1,000 CFA), (4) an indicator for whether the client accepted the desludging price
offered, and (5) an indicator for whether the client received a desludging price offer and accepted it. Columns (1) and
(2) include all auctions, column (3) includes all auctions with a winning bid, column (4) includes all auctions with a
winning bid in which the buyer was not subsidized, and column (5) includes all auctions in which the buyer was not
subsidized regardless of whether there was a winning bid. Additional controls include: log distance from the client
to the nearest treatment center, log number of invited bidders (and its interaction with a new-platform dummy),
log average distance from the client to all potential bidders’ garages, client latitude and longitude, log population
of the commune, auction number trend (linear, quadratic, and cubic), new platform indicator, revisable-bid auction
indicator, indicators for morning and lunch time, and arrondissement, year-quarter, and day-of-week fixed effects.
Robust standard errors in parentheses. *: p < 0.10, **: p < 0.05, ***: p < 0.01.

Column (3) of Table 7 shows that swapping an inactive bidder for a competitive bidder leads
to a statistically and economically significant 360 CFA reduction in the winning bid. Swapping an
inactive bidder for a non-competitive early bidder would only lead to an 85 CFA reduction, and
swapping an inactive bidder for a non-competitive late bidder has no impact on the winning bid.
Each additional inactive bidder invited to the auction decreases the winning bid by 93 CFA. We

line with the rest of the literature.
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reject the hypothesis that the effect of inviting competitive bidders on the winning bid is the same
as the effect of inviting the two non-competitive types. Column (1) shows that inactive bidders
do not bid very often. Each additional inactive bidder increases the number of bids by only 0.03.
Swapping an inactive bidder with a bidder from the competitive group yields 0.21 additional bids,
compared with 0.16 additional bids for each invitee from the non-competitive late group. Some
auctions end with no bids placed at all. As seen in column (2), inviting more active bidders from
any group increases the probability that there is at least one bid placed, with effect sizes similar
across the three groups. Competitive and non-competitive early bidders both raise the probability
by 3 pp, compared to non-competitive late bidders who raise the probability by 2 pp.

Even if there is a winning bid, it may be so high that the client finds it unappealing and does not
accept. The final two columns consider the probability that a mechanized desludging is transacted
due to the auction, but for different samples. Column (4) looks at whether the client accepts the
winning bid, conditional on there being a winning bid. Column (5) looks at whether the auction
leads to a mechanized desludging transaction whether or not there was a winning bid. If there are
no bids in that auction, then there is no transaction.

In both cases, inviting an additional competitive bidder raises the probability the winning
bid is accepted by 2-3 pp (or about 10%). Column (4) shows that inviting more inactive or
non-competitive firms does not significantly raise the probability that the client will accept the
desludging offer, conditional on there being at least one bid, presumably because those bidders’ bids
are relatively high. But, because non-competitive bidders bid more often than inactive bidders, they
increase the likelihood of there being a winning bid, which increases the unconditional likelihood
of the auction ending in a mechanized desludging transaction (seen in column (5)). If the outcome
of interest is whether the auction ends with the client purchasing a mechanized desludging in that
auction as in column (5), then swapping out inactive bidders for non-competitive bidders would
be a slight improvement. But, swapping out inactive bidders for competitive bidders would be an
even larger and more significant improvement.

In summary, the mix of competitive and non-competitive auction outcomes documented in
Section 4.3.1 is due to bidder heterogeneity. Some bidders behave competitively, while others
repeatedly use suboptimal strategies. Within our auction sample, clients who were randomly
matched with a larger number of competitive bidders received better prices, and as a result were
more likely to purchase a mechanized desludging service from the platform. While this analysis
suggests important gains from increasing competition in the market, we cannot directly extrapolate
from equation (3) and Table 7 to measure the effect of making the market competitive since only
a handful of competitive bidders were invited in any given auction. In Section 5, we conduct a
counter-factual simulation exercise in which we predict auction outcomes when all invited bidders

are competitive.
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4.4 Discussion

Our results suggest that roughly 75% of active bidders on the platform use strategies that are
inconsistent with competitive behavior, which contributes to higher price offers and a lower take-
up rate. As we discussed in Section 4.2, a rejection of the competition hypothesis can be due to
tacit collusion and/or other frictions that limit the ability of providers to price optimally. While it
is impossible to completely rule out the possibility that bounded rationality and pricing frictions
explain the prevalence of non-competitive bidders, several features of the platform and the market
suggest that non-competitive bidders are in fact using suboptimal strategies to limit competition.

First, inattention is certainly an important contributing factor explaining the behavior of inac-
tive bidders, but it is unlikely to fully explain the behavior of those active bidders categorized as
non-competitive. Non-competitive bidders are frequently invited to bid (886 invitations on aver-
age), and submit bids at nearly the same frequency as competitive types. Their actions therefore
reveal a clear interest in winning contracts via the platform. Most non-competitive bidders also
bid early, consistent with the fact that bidding early increases the probability of winning when
submitting one of the two focal prices.

Second, all invited bidders receive precise and frequent information signals about the “bid-to-
beat.” They learn the value of the current lowest standing bid when invited to bid in revisable
auctions, and the winning bid in all auctions. Therefore, it is unlikely that non-competitive active
bidders are not aware that bidding 25,000 or 30,000 CFA has a high likelihood of resulting in a tie,
or that undercutting the lowest bid after the last message can lead to a higher chance of winning.

Third, round bidding can also be explained by the presence of cash constraints when transacting
with consumers (Beaman and Magruder, 2012). Once again, this type of friction is likely to be
present in the market, but the behavior of competitive bidders reveals that firms can perform
transactions using a fine price grid. Ties tend to occur at 25,000 and 30,000 CFA - the most
common winning bids when there is a tie in a sealed-bid auction are 25,000 (48% of the time) and
30,000 (22% of the time). No other winning tied bid appears more than 5% of the time. And yet,
a large fraction of winning bids in revisable auctions are placed on the 1,000 CFA grid. In fact, 6%
of bids in sealed-bid auctions and 9% of bids in revisable auctions are not even divisible by 1,000
(e.g., a bid of 27,500) signifying that clients have access to money of smaller denominations. And
the risk of tying in a sealed-bid auction at a bid of 24,000 CFA is sufficiently small (only 4% of ties
are at this price).

Finally, we cannot rule out the possibility that the heterogeneity documented in Section 4.3.2
is due to differences in bidder sophistication and bounded rationality, for example as in the level-k
model of Hortagsu et al. (2019). However, we also find that non-competitive types use strategies
that lead to higher prices and lower demand. The presence of the same high margins and focal prices
in the areas of Dakar controlled by the Association reinforces the possibility that non-competitive

bidders on the platform use sub-optimal strategies to soften price competition.
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Furthermore, early bidding in the revisable auction and round bidding can be rationalized by
models of tacit collusion with incomplete information. Under the tacit collusion interpretation
of our results, firms avoid competing by coordinating on focal prices. Our model, elaborated in
Appendix D, formalizes this intuition by showing that round bidding is an optimal solution even in
the static cartel profit-maximization problem. It also shows how round bidding aids monitoring and
enforcement of a dynamic collusive agreement. The intuition comes in two steps. First, it is profit-
maximizing for the cartel to restrict bidding and soften price competition to boost the expected
payoffs to winning firms, even for a single auction. Pooling equilibria due to round bidding can
raise profits by restricting bidders from competing away their informational rents. Second, the
discreteness of round bidding makes it possible to monitor and enforce an agreement. Deviations
from a round-bidding strategy are detected immediately and can be punished. An additional
benefit of a round-bidding strategy is that contemporaneous communication and coordination is
not necessary. This provides a rationale for why round bidding not only arises empirically, but how
it plays a role in solving the complex monitoring and enforcement problems that might otherwise
defeat the Association’s goals of maximizing bidders’ profits through the auctions. Many of the
same tensions exist in the traditional (decentralized) market, explaining why we observe similar
levels of price coarseness in the auction platform and in the traditional market.

Similarly, in revisable-bid auctions, collusive firms can facilitate coordination by submitting an
early high bid, which can serve as a reference price for other bidders or, as shown in (Che and
Klumpp, 2016), can be a tacit collusion strategy to reduce competition. Alternatively, early low
bidding can be consistent with competitive behavior. For instance, competitive bidders might place
an early low bid to signal strength and deter entry, in line with the signaling equilibria in costly
bidding environments proposed by Avery (1998) and Daniel and Hirshleifer (2018). Early low bids
would also be consistent with the model of rational inattention proposed by Barkley et al. (2021).16

Early bidding is unlikely to be competitive in our setting since the classification exercise reveals
that early bidders also i) rely more heavily on round focal bids, ii) are more likely to tie in the sealed-
bid auctions, and iii) are more likely to submit higher bids. Under our maintained assumption that
competitive bidders avoid strategic mistakes in both formats, this suggest that early bidding is more
likely associated with a strategy to facilitate coordination.

In Table 8, we quantify the differential effect of early bidding in the two auction formats on the
final offer to test the hypothesis that early bidding in the revisable format leads to higher prices
due to collusion hypothesis. In the first column, we measure the difference in first bid between
sealed-bid and revisable-bid auctions, showing that the first bid in a revisable-bid auction is 880
CFA (roughly 3%) higher than the first bid in a sealed-bid auction. This is suggestive evidence
that early bidders in the revisable auctions are not aggressive competitive bidders trying to deter

entry.

16This is related to the rational inattention story proposed by Cho et al. (2024). The Korean auctions they study
are significantly different because bidders can only get information about the current lowest bid by actually bidding.
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Table 8: Relationship between the presence of early bidding and bid amounts

(1) (2) (3) (4)

VARIABLES First bid First bid Winning bid Winning bid
1(Early bid received) -1.027%** -0.30**
(0.17) (0.15)
1(Revisable) 0.88%**  (.82%** -0.16 0.064
(0.13) (0.12) (0.16) (0.14)
1(Revisable)x1(Early bid received) 0.89%** 0.43**
(0.26) (0.22)
Observations 4,177 4,177 4,177 4,177
R-squared 0.011 0.221 0.009 0.311
Unit of observation Auctions Auctions Auctions Auctions
Control variables? No Yes No Yes
Mean dependent variable 27.7 27.7 25.8 25.8

Note: The dependent variable in columns (1) and (2) is the value of the first bid received (in 1,000 CFA), and the
dependent variable in columns (3) and (4) is the value of the winning bid. The indicator variable 1(Early bid received)
is equal to one if the first bid received was placed within the first 15 minutes of the auction. Control variables in
columns (2) and (4) include: log number of invited bidders (by itself and interacted with new platform dummy), log
distance from the client to the nearest treatment center, log average distance from the client to all potential bidders’
garages, client latitude and longitude, log population of the commune, auction number trend (linear, quadratic,
and cubic), new platform indicator, indicators for morning and lunch time, and arrondissement, year-quarter, and
day-of-week fixed effects. Robust standard errors in parentheses. *: p < 0.10, **: p < 0.05, ***: p < 0.01.

Columns (3) and (4) measure the effect of early bidding on the final winning bid. We define
a bid as early if it arrives within the first 15 minutes. When this happens in the revisable-bid
auction format, all bidders are informed about the value of the lowest early bid, but in sealed-bid
auctions no information is provided. The presence of an early bid may be correlated with the
attractiveness of the job (i.e., attractive jobs receive more bids, and are more likely to receive
early bids) in both auction formats. In revisable-bid auctions, it may also be a means for collusive
firms to coordinate on higher prices. To measure the differential effect of early bidding in revisable
auctions we construct a difference-in-differences estimator.

In particular, we estimate the difference in the value of the winning bid associated with re-
ceiving an early bid in the revisable-bid vs sealed-bid formats. The coefficient associated with
the uninteracted early bid dummy variable is negative and statistically significant (1020 CFA in
column (3)), suggesting that early bids and low winning bids are correlated in sealed-bid auctions.
This is because firms bid more aggressively (both lower and more quickly) for jobs they find more
attractive. Controlling for characteristics of the client lowers this difference to 300 CFA, consistent
with the fact that observable differences across clients such as neighborhoods or time of day are
important determinants of cost.

The coefficient on the interaction term between the indicator for whether the auction had an
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early bid and the indicator for being a revisable-bid auction is positive and large in magnitude (890
CFA in column (3)) implying that, relative to sealed-bid auctions, consumers are offered significantly
higher prices in revisable-bid auctions when an early bid is placed, again being suggestive of the

collusion hypothesis.

5 Measuring economic damages from collusion

In this section, we evaluate the economic damages from the collusion that takes place on the
platform. In addition to measuring the effect on prices, we also quantify the effect of collusion
on take-up of mechanized desludging on the platform and on consumer surplus. From there, we
make a back-of-the-envelope calculation of the impact on health. We use the observed bidding
strategy of competitive types to construct a counter-factual distribution of offers that approximates
environments in which only competitive type bidders are invited to the auctions. This is not meant
to be a full-equilibrium prediction of how the market would operate under competition. Rather,
our objective is to provide conservative estimates of the consumer’s welfare gains from stimulating
competition in the market under minimal behavioral assumptions. In ongoing work, Johnson et al.
(2024) analyzes the equilibrium response of bidders to a change in conduct, and to a change in the
platform’s invitation rule.

The first step is estimating the policy function of competitive bidders using the classification
obtained in Section 4.3.2 and then simulating consumer decision making. To implement this sim-
ulation exercise we estimate three functions: (i) bidders’ participation decisions, (ii) bidders’ bid
strategies conditional on participating, and (iii) consumers’ acceptance probabilities. The partic-
ipation and bidding strategies are estimated in the full sample of sealed-bid auctions. We focus
on sealed-bid auctions because bidders submit a single bid and do not interact with one another
dynamically within the auction.!” The demand function is estimated using the acceptance decisions
of non-subsidized clients across both types of auctions.

The participation decision and bidding strategy of competitive bidders are estimated separately
assuming that the decision to bid is independent of the marginal cost of providing the service.
The participation decision is estimated using a Probit model, and the bids are assumed to follow a
log-normal distribution. The results are summarized in Table 9. Column (1) estimates the policy
function used to predict bidder participation, and column (2) estimates the log-normal distribution
of bids. Both policy functions are estimated using the sample of sealed-bid auctions for competitive
bidders only. The results confirm that distance is an important determinant of bidders’ strategies.
In column (2) we find that the bid function of competitive bidders is increasing in distance (from the
client to both the bidder’s garage and to the nearest treatment center), consistent with cost-based

pricing.

"Tn terms of stimulating use of mechanized desludgings, the sealed-bid format also yields slightly lower prices as
seen in Table 3.
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Table 9: Estimated bidder strategies and consumer demand

(1) (2) (3) (4)

VARIABLES 1(Participate) Bid (log) 1(Accept) 1(Accept)
Winning bid (x1000) -0.11%%* -0.13%**
(0.0080) (0.043)

Dist. from client to garage (log) 0.11 0.061*

(0.085) (0.027)
Dist. from client to treatment (log) 0.15* 0.092%** 0.13 0.17

(0.085) (0.016) (0.081) (0.11)
No. invited (log) 0.18 -0.045

(0.21) (0.028)
Observations 4,440 1,362 3,620 3,620
Unit of observation Bidder-auction Bidder-auction  Auction Auction
Auction sample Sealed-bid Sealed-bid All All
Bidders Competitive Competitive All All
Mean dep. variable 0.31 3.24 0.30 0.30
Control function? No Yes
First-stage (F) 44.3
Exog. test (P-value) 0.58
Avg. demand elasticity -3.52

Note: Columns (1), (3), and (4) are estimated by probit while column (2) is estimated by OLS. Columns (3)-(4)
exclude subsidized households. Control variables include: log distance from the client to the nearest treatment center,
log average distance from the client to all potential bidders’ garages, client latitude and longitude, log population of
the commune, auction number trend (linear, quadratic, and cubic), new platform indicator, indicators for morning
and lunch time, and arrondissement, year-quarter, and day-of-week fixed effects. Column (4) instruments for prices
using a control-function estimator (Newey, 1987). The instruments are the number of invited active bidders located
less than 10 km from the client and distance to the nearest invited active bidder. Columns (1) and (2) show standard
errors with two-way clustering at the auction and bidder levels in parentheses. Columns (3) and (4) show robust
standard errors in parentheses. *: p < 0.10, **: p < 0.05, ***: p < 0.01.

The acceptance probability of consumers is estimated using the full sample of auctions (exclud-
ing subsidized households). We leverage exogenous variation in offers due to the random invitation
lists to identify the platform demand elasticity. More specifically we estimate the distribution of

the consumer’s willingness-to-pay on the platform using the following Probit model:

Pr(Accept|p™™, x;) = Pr | b < 2,6 + ¢ (4)
—_———

=7t

where ¢ is normally distributed with variance o2. The reservation price, 7, corresponds to the
value of the consumer’s outside option: mechanized desludging obtained through standard channels,

manual desludging, or no desludging (e.g., postpone). We conducted a small-scale informal survey
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of platform clients suggesting that most clients who rejected an offer from the platform chose to
purchase a mechanized desludging from the traditional market.'® Based on this evidence, we believe
that the platform provided an outside option which households used to bargain for a better price
for their desludging with their local provider. Additional evidence on the impacts of the call center
on local market prices is provided in Deutschmann et al. (2024a).

Our preferred specification assumes that the lowest bid is independent of the residual entering
the willingness-to-pay of consumers. This assumption would be violated if, for instance, the resid-
uals determining participation or bid amounts were correlated with unobserved market conditions
when clients contact the platform. We control for this by adding quarter-year fixed-effects, flexible
auction number trends, and time-of-day and day-of-week indicators.

The estimated price coefficient implies an average platform demand elasticity of -3.52 (median
-3.17), confirming that consumers are very price sensitive.!” This elasticity is slightly higher in
absolute value than the one obtained in Section 3 using variation in distance to the Rufisque
border (-3). Because many clients use the platform to compare prices for mechanized desludgings
through the platform to those they could get for a mechanized desludging in the open market,
the platform elasticity is likely an upper bound (in absolute value) of the elasticity of substitution
between mechanized and manual desludging.

In column (4), we relax the exogeneity restriction using the control function approach developed
by Newey (1987). This specification exploits variation in the number and distance of active bidders
invited to auction ¢ to construct two instrumental variables (random by design): the number of
invited active bidders located less than 10 km from the client and the distance to the nearest invited
active bidder. The controls for log distance from the client to the nearest treatment center, log
average distance from the client to all potential bidders’ garages, and arrondissement fixed effects
account for the non-random variation in the instruments. The results validate our exogeneity
assumption. We cannot reject the null hypothesis that ¢ is independent of the lowest bid. The
estimated price coefficient is also quite similar in both specifications (i.e., —0.11 vs —0.13).

Next we use the estimated competitive policy and demand functions to simulate counter-factual
auction outcomes. For each sealed-bid auction, we first simulate the participation decision (inde-
pendent binomial draws) of each invited bidder, and, conditional on participating, we sample bids
from the estimated log-normal distribution. In both cases we use the parameter estimates from

columns (1) and (2) to calculate the predicted strategies of each bidder using the observed char-

811 the small follow-up survey with 45 clients who turned down the desludging they were offered from the platform,
64% claimed to have purchased a mechanized desludging in the traditional market, 4% purchased a manual desludging
in the traditional market, 24% had not yet performed a desludging, and 7% performed a desludging but did not tell
us what type it was.

19The elasticity for client 7 is given by:

o OPr(A; = 11X, b5M™) byin d(—(1/o )™ + x,8/0c) byin

i - X - = i
obin Pr(A; = 1|X;, bj™) Oe D(—(1/o )b + 28/ 0c)
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acteristics of the client. We then use the estimated demand function to calculate the predicted
acceptance probability evaluated at the lowest simulated bid. We repeat this process 1,000 times,
and report an average value.

We consider two counter-factual scenarios. In the first, we assume that all invited bidders decide
whether to participate and how much to bid according to the policy function of the competitive
type. In the second, we assume that inactive bidders (those who submitted less than 30 bids in
sealed-bid auctions) do not change their behavior, and only replace the bids of non-competitive
types. These two scenarios allow us to avoid taking a stand on whether it is collusion or high
participation costs which lead inactive bidders to bid infrequently. Since the expected winning bid
is decreasing in the number of bids, the second scenario provides a conservative estimate of the

effect of collusion on prices and take-up.

Table 10: Competitive platform simulation results by neighborhoods

(1) (2) (3) (4) (5)
Num. bids Bid Winning bid Accepted bid Acceptance
Average  Average Average Average Probability

Panel A: Observed auctions
2.04 27.47 25.68 24.61 0.30

Panel B: Scenario 1
3.84 26.14 22.55 21.46 0.42

Panel C: Scenario 2
2.27 26.26 23.77 22.34 0.38

Note: The observed and simulation samples correspond to all sealed-bid auctions for non-subsidized households
(2,598 auctions) outside of Rufisque. Bids are measured in 1,000 CFA. The simulations are conducted by estimating
the participation (Probit) and bidding strategy (Log-normal) of competitive bidders, as well as the acceptance prob-
ability of consumers (Probit). See Table 9. The number of simulation draws for each auction is 1,000. Scenario 1:
All invited bidders bid according the competitive type policy function. Scenario 2: Inactive types submit the same
bid/participation decisions as in the observed sample.

Table 10 summarizes the simulation results. As seen in column (5) of Panel A, in the observed
auctions 30% of offers are accepted in the collusive areas of Dakar (outside of Rufisque). In contrast,
in our most competitive scenario (scenario 1 in Panel B), the average accepted offer in column (4) is
21,460 CFA, and 42% of offers are accepted. Scenario 2 in Panel C slightly attenuates the effect of
competition on take-up (38%) and accepted prices (22,340). The simulation results confirm that the
lack of competition in the market leads to a large decline in the number of mechanized desludgings
purchased through the platform. These effects represent a lower bound, and simulated prices do
not go all the way down to the 15,000 CFA price actually seen in Rufisque. This is because the

simulation does not take into account that inviting more competitive bidders would likely change
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their bidding strategy since they would have to compete with one another which would lower their
bids even further—the umbrella effect discussed in Caoui (2022).

In Johnson et al. (2024), we analyze the equilibrium response of bidders to a change in con-
duct, and to a change in the platform’s invitation rule. In particular, we estimate a structural
model of entry and bidding in the sealed-bid auctions, accounting for the coarse strategy that
non-competitive bidders use. We then simulate the equilibrium allocation that would be obtained
from a direct revelation mechanism. Our preliminary findings from this exercise is that eliminating
non-competitive conduct would increase the take-up rate by 30%, compared to the 26% increase in
Table 10 when we abstract away from bidders’ equilibrium responses.

To get a better understanding of the source of the gain from increasing competition, the table
also reports the average bid amount and the number of bids received per auction. Column (2)
shows that replacing non-competitive bidders with competitive types decreases the average bid in
the collusive neighborhoods by 4.9% and 4.4% in the two scenarios. In contrast, column (3) shows
that the average winning bid decreases by 12.2% in scenario 1, and by 7.5% in scenario 2. In
scenario 2, this implies that more than half of the decline in winning bid is due to competitive
bidders submitting lower bids, and the rest is due to the fact that collusive types are less likely
to participate. This can also be seen in column (1) in the slightly higher number of bids in
scenario 2 compared to in reality. In scenario 1 which additionally replaces the inactive bidders
with competitive types, more than 60% of the effect is due to increased participation since inactive
types rarely participate.

Finally, we use the estimated distribution of willingness-to-pay from equation (4) to measure the
effect of increasing competition on consumer surplus. To do so, we simulate demand residuals €; for
each auction (simulated and observed), and compute consumer surplus: CS; = max{0,r; — b™"}.
Averaging across simulation draws, we estimate that the average consumer surplus generated by
the platform is 1,620 CFA. Replacing all bidders by competitive types as in scenario 1 nearly
doubles the average consumer surplus to 3,060 (or by 88%), while replacing only non-competitive
types increases consumer surplus to 2,350 (or by 45%). Importantly, this again represents a lower
bound on the loss in consumer surplus due to collusion on the platform. This is because in a
fully-competitive scenario, competitive bidders would likely change their bidding strategy which

would lower bids even further.

5.1 Collusion’s effects on health

It is generally the case that collusion leads to high prices and low consumer surplus. The welfare
impacts in this setting are particularly large because mechanized desludgings are a sanitary method
of desludging involving positive externalities. If consumers are discouraged from purchasing a
mechanized desludging due to the high price, and instead purchase a cheaper but less sanitary

manual desludging, this has ramifications for health. We make back-of-the envelope calculations of
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the impact that collusion has on health, namely diarrhea.

To evaluate the health benefits of increasing competition, we use estimates from Deutschmann
et al. (2024b) of the effect of changes in the price of mechanized desludging on diarrhea cases. In that
paper, some individuals in the same neighborhoods of Dakar were offered a guaranteed low price of
17,000 for a mechanized desludging, while others were offered a guaranteed price of 24,000. Each
additional neighbor in a household’s nearest four surveyed neighbors who was offered a guaranteed
price of 17,000 CFA caused the number of household members with diarrhea to decrease by 0.028
(from an average of 0.49). The implied elasticity of the number of diarrhea cases in a household

(H;) with respect to the price paid by its neighbors (P;) is given by:

AH; P _ 4, —0-02824000

4 % — =4 % _
AP, H 7000 0.49

= —0.78,

where the 4 is because each neighbor who receives a low price in Deutschmann et al. (2024b) is
found to affect the health of four neighboring households.

Next, we combine this estimate of the effect of the price of a mechanized desludging on health
with the changes in price found in the simulations. Based on the simulations above, replacing non-
competitive bidders with competitive bidders would decrease the price of mechanized desludgings
by 13% under scenario 1, and by 9% under scenario 2. Multiplying these numbers with the elasticity
in the previous paragraph implies that increasing competition on the platform would decrease the
number of diarrhea cases by 7 to 10%.

While the estimate of a 7 to 10% decrease in diarrhea incidence caused by an increase in com-
petition is approximate, and involves many assumptions and caveats, the effect is reasonably large.
For comparison, the roll-out of a new municipal sanitation system in Salvador Brazil decreased
diarrhea by 22% (Barreto et al., 2007). Also in Salvador, using earlier data, Moraes et al. (2003)
found that childhood diarrhea was 33% lower in neighborhoods with proper drainage and sanita-
tion. Thus, decreasing collusion in mechanized desludging markets could lead to impacts on health
that are a quarter or half as large as the impacts of building improved drainage and sewerage
systems. The impact of competition is obviously smaller than the impact of such infrastructure

projects, but the intervention is also much less expensive and disruptive.

6 Conclusion

We document the importance of imperfect competition and collusion in the market for mecha-
nized desludging services in Dakar. Using non-experimental data on prices and transactions in
the traditional desludging market, we first establish that areas in Rufisque supplied by companies
not affiliated with the trade association exhibit 40% lower mechanized desludging prices and 50%
higher mechanized desludging take-up than areas in central Dakar. This suggests that collusion

may have a large impact on prices which in turn has a large impact on take-up which in turn has
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deleterious effects on sanitation and health.

We then use experimental data to test for the presence and impact of non-competitive behavior.
We create an anonymous auction platform which randomly assigns firms to jobs and auction formats
(sealed-bid and revisable-bid). We analyze the bidding and participation strategies of firms and
detect deviations from competitive behavior. We document the presence of two main strategies
inconsistent with individual profit maximization and competition: (i) the prevalence of round focal
bids in the sealed-bid auction format, and (ii) the prevalence of early bidding and the lack of
sniping in the revisable-bid auction format. We use randomized variation in auction format and
bidder invitations together with a K-means clustering algorithm to establish that a large group of
active participants are non-competitive and systematically avoid competing by using both of these
strategies. In contrast, a group of competitive bidders demonstrates a willingness to avoid ties in
sealed-bid auctions, and submits late bids and snipes in revisable-bid auctions.

We conclude that while there exists a group of suppliers willing to submit competitive bids,
this group is not big enough to overcome the majority of bidders behaving collusively. This is
consistent with what we observe in the traditional market where most consumers in the areas of
Dakar controlled by the Association pay very high prices, while a significant fraction of consumers
in this region pay prices that are as competitive as in Rufisque. Most of this dispersion in prices
is due to unobserved differences across consumers, and is present even within narrowly defined
neighborhoods. In light of the experimental results, we suspect that some consumers are able to
negotiate better prices by getting quotes from non-collusive truckers. As in the auctions, this group
of competitive truckers is likely too small to serve the entire market. The fact that a majority of
firms do not submit competitive quotes, even when it is secret and thus difficult to detect, suggests
that fear of losing access to the services and contracts provided by the Association is large enough
to discipline most firms, both members and non-members.

Finally, using the observed bidding strategy of competitive firms, we find that eliminating col-
lusion in this market could lead to important welfare gains by lowering prices, increasing take-up
of mechanized desludging, and improving health outcomes. We find that replacing non-competitive
bidders with competitive ones would increase the number of mechanized desludgings on the plat-
form by 27-43%, increase consumer surplus by 45-88%, and decrease diarrhea by 7-10%. This
illustrates the importance of market power as a first-order source of market inefficiency with sig-

nificant implications for public health.
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A Appendix tables

Table A-1: Mean differences in characteristics across neighborhoods

Rest of the market Rufisque Difference: Rest - Rufisque

Mean p-value
Nearest center (km) 4.57 2.77 1.81 0
Nearest garage (km) 1.23 1.02 21 0
Num. trucks w/in 3 km 49.77 28.51 21.26 0
Household size 11.2 11.33 -.13 .66
Number of earners 3.43 3.13 3 0
Number of other households 1.04 .7 .34 0
Number of rooms 7.14 7.02 12 .45
House ownership 17 .86 -.08 0
Two story house .32 23 .09 0
Wealth index .04 .15 -.11 .06
Wide road .89 .95 -.06 0

Note: Table uses household survey data. Nearest center and nearest garage give the distance in kilometers from
the household to the nearest treatment center and mechanized desludger garage respectively. Household size is the
number of people who live in the household, the number of earners is the number of them who earn income, and
number of other households is the number of other households that live in the same house and share the latrine pit.
The number of rooms is the number of rooms in the house. Wide road is the enumerator’s assessment of whether the
road leading to the house is wide enough for a mechanized desludging truck to enter.
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Table A-2: Regression of mechanized desludging prices on consumer characteristics and distance
to the Rufisque boundary

M @)
VARIABLES Rest of the market  Rufisque
1(.5 < Boundary dist. <1) 3.88%** 3.41%%*
(1.28) (0.83)
1(1 < Boundary dist. <1.5) 6.82%** 0.57
(0.97) (0.77)
1(1.5 < Boundary dist. <2) 734K 3.19%%*
(0.83) (0.76)
1(2 < Boundary dist. <2.5) 6.57HF* 3.10%**
(0.78) (0.87)
1(2.5 < Boundary dist. <3) 8.40%*** 2.37H*
(0.88) (1.00)
1(3 < Boundary dist. <3.5) 721Kk 2.89%*
(0.87) (1.15)
1(3.5 < Boundary dist. <4) T.15%**
(1.04)
1(4 < Boundary dist. <4.5) T.01%k**
(0.98)
1(4.5 < Boundary dist. <5) 754Kk
(1.05)
1(5 < Boundary dist.) 8.17HH*
(0.72)
Nearest center (km) 0.61%** -0.49%*
(0.089) (0.21)
Nearest garage (km) 0.21 0.30
(0.19) (0.50)
Num. trucks w/in 3 km 0.012%* -0.074**
(0.0047) (0.031)
Household size -0.037 0.023
(0.024) (0.041)
Number of earners -0.18%*** -0.13
(0.062) (0.12)
Number of other households -0.025 0.16
(0.076) (0.16)
Number of rooms 0.18%** 0.011
(0.042) (0.081)
House ownership -0.14 -0.43
(0.28) (0.56)
Two story house 1.03%** 1.23%*
(0.26) (0.50)
Wealth index 0.80%*** 0.014
(0.097) (0.17)
Wide road 1.25%* -1.89*
(0.56) (1.11)
Observations 4,367 436
R-squared 0.117 0.111
HO: Boundary coefficients = 0 (p-value) 0 0.000037
HO: Rufisque coefs. = Rest of market coefs. (p-value) 0

Note: Table uses household survey data. Nearest center and nearest garage give the distance in kilometers from
the household to the nearest treatment center and mechanized desludger garage respectively. Household size is the
number of people who live in the household, the number of earners is the number of them who earn income, and
number of other households is the number of other households that live in the same house and share the latrine pit.
The number of rooms is the number of rooms in the housg., Wide road is the enumerator’s assessment of whether the
road leading to the house is wide enough for a mechaniz§9 desludging truck to enter. Standard errors are clustered
at the household level. *: p < 0.10, **: p < 0.05, ***: p < 0.01.



Table A-3: Summary statistics on auction control variables for sealed-bid and revisable-bid auctions

Sealed-bid Revisable

n mean  sd n mean  sd Diff
No. invited (log) 2598  2.52  0.22 2564 253 0.22 0.003
Dist. from client to treatment (log) 2508 1.71 0.52 2564 1.72 0.53 0.011
Ave. dist. from potential bidders to client (log) 2598 2.42 0.21 2564 242 0.21 0.001
Client latitude 2598 14.76 0.02 2564 14.76 0.02 0.001
Client longitude 2598 -17.36 0.05 2564 -17.36 0.05 0.002
Population (log) 2598 11.26 0.81 2564 11.29 0.81 0.025
Auction number 2598 0.50 0.29 2564 0.50 0.29 -0.006
Auction number? 2598 0.34 030 2564 0.33 0.29 -0.009
Auction number? 2598 0.26 0.29 2564 0.24 0.28 -0.010
1(New platform) 2598 0.46 0.50 2564 0.45 0.50 -0.006
1(Morning) 2598 0.62 0.48 2564 0.61 049 -0.015
1(Lunch) 2598 0.21 0.41 2564 0.23 042 0.016
Tuesday 2598 0.19 0.40 2564 0.20 0.40 0.008
Wednesday 2598 0.19 0.39 2564 0.19 0.39 -0.000
Thursday 2598  0.17 0.37 2564 0.17 0.38 0.007
Friday 2598 0.17 0.38 2564 0.18 0.38 0.005
Saturday 2598 0.05 0.21 2564 0.05 0.21 0.001
1(Downtown) 2598 0.12 0.32 2564 0.10 0.31 -0.011
1(Guediawaye) 2598 0.13 0.34 2564 0.14 0.35 0.010
1(Pikine Dagoudane) 2598  0.09 0.29 2564 0.09 0.29 0.002
1(Rufisque) 2598 0.04 0.20 2564 0.04 0.20 -0.002
1(Thiaroye) 2598 0.32 0.47 2564 0.32 047 -0.008
2013Q3 2598 0.02 0.15 2564 0.02 0.15 -0.000
2013Q4 2598 0.01 0.12 2564 0.01 0.12 0.001
2014Q1 2598 0.06 0.24 2564 0.05 0.23 -0.006
2014Q2 2598 0.15 0.35 2564 0.16 0.37 0.012
2014Q4 2598  0.09 0.28 2564 0.10 0.30 0.010
2015Q1 2598 0.08 0.28 2564 0.09 0.29 0.008
2015Q2 2598 0.08 0.28 2564 0.08 0.27 -0.006
2015Q3 2598 0.12 0.32 2564 0.12 0.33 0.001
2015Q4 2598 0.06 0.24 2564 0.06 0.24 -0.001
2016Q1 2598 0.03 0.18 2564 0.03 0.18 -0.001
2016Q2 2598 0.03 0.18 2564 0.04 0.18 0.003
2016Q3 2598 0.05 0.22 2564 0.04 0.20 -0.009
2016Q4 2598 0.01 0.12 2564 0.01 0.09 -0.005*

Note: Auction number is normalized to be between 0 and 1. *: p < 0.10, **: p < 0.05, ***: p < 0.01.
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Table A-4: Summary statistics of bidders

(1)

(2)

(3)

(4)

()

VARIABLES N mean sd min max
Garage has > 15 bidders 126  0.571 0.497 0 1
Bidder is truck owner 71 0366 0485 O 1
# of domestic jobs in last ten days 72 6917 3.197 O 12
Client makes first price offer 82 0.268 0.446 O 1
In business at least ten years 82 0512 0.503 O 1
Truck was made in 1990 or later 95 0453 0500 O 1
Association membership - composite 93  0.366 0.484 0 1
Association membership - any yes 8 0.635 0484 O 1

Note: Garage size is known for all invited bidders. Other variables are from the mechanized desludger survey and
have missing observations. If the bidder is not the truck owner, he is either a non-owning manager or non-owning
driver. Respondents were asked when negotiating with a client on the open market (not through the auction platform)
whether the client or the desludger makes the first price offer. The composite Association membership is determined
based on rules laid out in Section 4 while the any yes measure of Association membership equals 1 if any respondent

(driver, manager, owner) claims to be a member.
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Table A-5: Bidding behavior
(1) (2)

VARIABLES Bid amount 1(Participation)
Type: Competitive -2.317%%* 0.27%**
(0.82) (0.057)
Type: NC Early -0.52 0.23%**
(0.63) (0.031)
Type: NC Late 0.49 0.177%%*
(0.58) (0.043)
Observations 5,171 33,177
R-squared 0.265 0.119
Competitive=NC Early 0.045 0.56
Competitive=NC Late 0.00086 0.18
NC Late=NC Early 0.063 0.29
Mean dep. variable 27.2 0.16
N Bidders 89 126

Note: Bidder-auction-level outcomes in sealed-bid auctions. The dependent variable in column (1) is the value of
every bid placed in sealed-bid auctions. The dependent variable in column (2) is the participation decision made
by every bidder in every sealed-bid auction. Inactive bidders are included in the regressions and are the excluded
category. Additional control variables include: log distance from garage to client, log distance from the client to
the nearest treatment center, log average distance from the client to all potential bidders’ garages, client latitude
and longitude, log population of the commune, auction number trend (linear, quadratic, and cubic), new platform
indicator, revisable-bid auction indicator, indicators for morning and lunch time, and arrondissement, year-quarter,
and day-of-week fixed effects. Standard errors with two-way clustering at the auction and bidder levels in parentheses.
*: p<0.10, **: p < 0.05, ***: p < 0.01.
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B Appendix figures

Figure B-1: Distribution of survey households across neighborhoods
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C K-means clustering algorithm

We use the K-means clustering algorithm to recover unobserved bidder types, similar to Bonhomme
et al. (2022). This is an unsupervised learning algorithm that iteratively partitions the observations
into K groups, seeking to minimize the total within-group deviation from the group averages. More

precisely, the algorithm is:

0. Pick K observations z;, j = 1,2,..., K, at random. Initialize the group average of group j as

Hj :l‘j,j: 1,2,...,K.

1. Assign each observation i to the group G; C {1,2,..., N} whose group average p; is closest

to x; in terms of Euclidean distance.
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2. For each of the K current group assignments, compute the average characteristics u} =
1
1G5l Ziecj L

3. Repeat steps 1 and 2 until convergence of assignment or a maximum number of iterations is
reached.

This is a greedy algorithm intended to minimize the within-set sum of squared errors,

K
WSSE(K, ) = > D (i — ).

k=11ieGy,

The number of groups K is selected so that the marginal benefit of an additional group becomes
“small” in terms of reducing the within-group sum of squared errors. Since a trivial global minimum
in K is achieved by giving every observation its own group, the number of groups is selected so
that the marginal benefit of an adding an additional group becomes roughly constant, implying
that the main sources of unobserved heterogeneity have been accounted for. This is illustrated in
Figure C-2 which shows that increasing the number of groups past three appears to add little value

in terms of decreasing the within-group sum of squared errors.

Figure C-2: Relationship between number of groups and within-group sum of squared errors

(o)}
1

Within Group SSE
N B

1 2 3 4 5 6 7 8 9 10
Groups

Note: Relationship between the within-group sum of squared errors from the K-means clustering algorithm and K,
the number of groups.

D Round bidding as optimal collusion

The analysis in the paper associates round bidding with collusive behavior. This begs the question,
is round bidding an optimal or at least profitable way for a cartel to organize its collusive activities?
This section uses concepts from mechanism design to answer the question in the affirmative. The

intuition is that, when the cartel members have i.i.d. private information about costs, bidding
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on a grid of “round values” softens price competition while still allowing the cartel to use its
private information to reduce total costs. This requires a punishment scheme that punishes off-
grid bidding with a temporary reversion to the fully competitive equilibrium, as in standard Folk
Theorem analyses of repeated games. A surprising result is that, even though the optimal direct
mechanism can exploit communication between the cartel and its members, none is required at
the optimum: a round bidding strategy is simply adopted, cartel members bid, and non-round

deviations are punished.

Literature. The model we study is closest to Athey et al. (2004), and to a lesser extent Horner and
Jamison (2007), who examine a repeated Bertrand pricing game. They come to similar conclusions
about ‘rigid pricing.” In the presence of incomplete information about costs, a cartel can benefit by
eschewing full separation in favor of a bidding scheme in which firms collude on the monopoly price.
They focus on the case in which firms are sufficiently patient to collude on the monopoly price, and
consider a second case in which two prices are used. In contrast, we explicitly consider auctions
rather than markets and allow for many rigid bids, rather than just one or two. The previous papers
study the optimality of the agreement as posed as a problem of imperfect public monitoring, while
we study the existence of collusive equilibria in the auction supergame that exhibit the empirical
patterns observed in Senegal. In particular, we show that most profitable round-bidding strategies
exist even for levels of patience that do not support rigid bidding on the optimal monopoly price.

In many ways, this is a commitment problem as considered in Skreta (2006) and Doval and
Skreta (2022). The Cartel would like to commit its members to a certain pattern of behavior, but
the members cannot themselves commit to follow it. These problems are typically studied from the
perspective of a seller facing a group of buyers (to what extent can an auctioneer credibly refuse
‘lowball’ bids below a reserve price?). Our setting studies the perspective of a buyer facing a group
of sellers (if the Cartel members can privately deviate ex post from a prescribed pattern of bidding,
how can the Cartel maintain discipline ex ante?). In this sense, we find the commitment framework
to be more useful than the repeated games framework.

A classic literature in auction theory following McAfee and McMillan (1992) considers how to
design collusive bidding rings. This literature typically maximizes the Cartel’s expected revenue,
not the expected payoffs of the individual members, which avoids the issues of commitment and
monotonicity that appear later. The Cartel member with the lowest cost is the one that maximizes
Cartel revenue, so the issue in that literature is how to compensate the other members of the
Cartel for ‘taking a dive.” However, McAfee and McMillan (1992) also note that for weak cartels
when side payments aren’t feasible, there should arise price rigidity such that firms all collude
on a single bid. Laffont and Martimort (1997) consider a version of the problem that explicitly
assumes commitment to the mechanism, but generalizes other aspects of the analysis in McAfee
and McMillan (1992). Che and Kim (2007) study the problem from the platform’s perspective, and

conclude that a simple take-it-or-leave-it offer from the platform to the Cartel is optimal. The main
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distinction in our case is that we study equilibrium behavior of the Cartel to verify the plausibility
of our empirical observations in Senegal, as opposed to studying how the platform can best combat
the presence of collusive participants.

To fix ideas and maintain verisimilitude with the auctions in Senegal, consider a paid-as-bid
format in which the lowest bidder wins and is paid their bid, as long as that bid is below a reserve
price R. Then in a non-collusive Bayesian Nash equilibrium, firms would maximize their private
profits,

i) = mbax(bi — ¢;) X pr[Submitted the lowest bid less than R |b;].

The reason to focus attention on the paid-as-bid mechanism in particular is that the platform must
be budget-balanced, so that transfers from the household to the desludger must be equal for each
job.

Incentive compatibility. In a Direct Mechanism, bidders report a type ¢; rather than di-
rectly placing a bid, and then the Cartel itself maps reports to probabilities of winning p(¢) =
{pi(e1,...,én)} Y, and payments received b(¢) = {b;(¢1, ..., én)}, that are consistent with the un-
derlying paid-as-bid auction. So while the platform picks the winner at random from the set of
bidders submitting the lowest bid, the Cartel can manipulate who submits which bids and their
values, reflected in (p, b).

From firm ¢’s perspective, the interim probability that it wins given a report of ¢; is
pi(&i) = Ee_, [pi(e1, s i1, Gy Cig1y o5 EN)]]

where p;(¢é1,...,¢n) is the probability that the Cartel selects firm i to win given the reports ¢.
Before asking what kinds of pairs (b, p) are optimal for the Cartel, the more fundamental question
is, given that the bidders can lie about their types, what kinds of pairs (p,b) are actually possible,
or implementable? For what kinds of (p,b) do bidders submit ¢; = ¢;7

We walk through the classic characterization of Bayesian incentive compatibility here to be

complete. One can also refer to Myerson (1981) for more details.

Proposition 1 (Myerson (1981)). A Direct Mechanism (p,b) is Bayesian incentive compatible iff

it satisfies the monotonicity and envelope conditions. Firm i’s interim payoff is
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A key assumption is that the Cartel can commit to the mechanism. For example, in an auction
to sell a good, the auctioneer can commit to refuse to consider bids below the reserve price. This
will become relevant in our environment: the extent to which the Cartel can enforce discipline is

limited by its ability to detect and punish deviations.

Static platform and Cartel optimization. The Cartel is a collective of firms that maximize

their expected interim profits,
N
E(Cl,...,CN) [Z Wi(Ci,C_i)] :
i=1

Before turning to the Cartel’s solution, it helps to revisit the platform’s problem and the standard
non-collusive solution. In standard auction design without a colluding cartel, Proposition 1 is
sufficient to derive the platform’s expected payoff for any Bayesian incentive compatible mechanism
(p,b). In particular, rearranging Equation (5) allows the expected payment for the ¢; type to be

expressed as
R
pi(ci)bi(c:) :pi(ci)0i+/ pi(2)dz.

Taking the expectation over ¢; yields

R

Eclpi ()bi(c)] = / ’ (pxc@-)ci n / Rm(z)dz) dG(ci) + / "0)d6(c)

i

and integration by parts with respect to ¢; yields the expected payment to firm 4,

Ee[pi(ci)bi(e;)] = Ee [pz(01, s CN) <Ci + (g;((cc;))ﬂ '

The quantities
G(c) G(ci)
g(ci) 9(ci)

are the wvirtual cost and informational rent, respectively. The informational rent captures the

o(ci) =¢ + and  A(¢g) =

portion of the expected cost of the job that accrues to the firm as compensation for revealing its
private information, and the virtual cost is the true cost plus the informational rent.

Let v be the value to the household of getting the job done (or the platform’s estimate of that
value). Then the platform deducts the expected procurement cost for each firm from the expected

benefit and takes the weighted sum over firms to get expected consumer surplus:

N
Eer,en) | D Pilc1, - en) X (0 = (ci))
=1

How does the platform maximize this quantity? Setting aside the monotonicity condition for the
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moment, the optimal choice is to pick the firm i for whom v — ¢(¢;) is largest and non-negative,
and refuse to award the job if the virtual cost exceeds the benefit for every firm. When is the
monotonicity condition slack? As long as ¢(¢;) is non-decreasing, so that the firm with the lowest
virtual cost is also the firm with the lowest realized cost. Then a first-price or second-price auction
with a reserve price satisfying ¢(R) = v will be an optimal mechanism, as well as more exotic
games like the all-pay auction or third-price auction. This is the general logic of the celebrated
Revenue Equivalence result. Equation (5) determines payments as a function of the probabilities
of winning, so that all Bayesian incentive compatible mechanisms that award the good the same
way generate the same expected consumer surplus.

In order for the monotonicity condition be satisfied however, so that the optimal allocation rule

p(c) selects the firm with the lowest reported cost to do the job, it is necessary that

o(ci) = ¢+

be non-decreasing, and it is sufficient that

be a non-decreasing function; essentially, that G(c;) is log-concave.?’ Otherwise, the platform
would want to violate the monotonicity condition’s restriction that higher costs win with lower
probability, and this would not be implementable. The lower-cost firm would simply pool with the
higher-cost firm that is winning with higher probability, thereby increasing its payoff.

All of this is familiar auction design, but from the platform’s perspective, the goal is approx-
imately to minimize the expected cost of the job. The Cartel, however, has almost the opposite

objective: to maximize expected interim profit. Indeed, if firm ¢’s expected interim profit is

R
mi(e;) = / pi(z)dz + m;(R)

where 7;(R) = 0, then a similar set of calculations as above yields

Ee, [mi(ci)] = E(cl,...,cN) [pi(cb s CN)

and summing over the firms yields the Cartel’s interim profits:

N N
Zm(ci) =Eer,...on) [Zpi(cl,...,cN))\(ci)] .
i=1 i=1

20Since D?log(G) = (¢'G — ¢*)/G? and D(G/g) = (¢°> — ¢'G)/g*, —D*log(G) and D(G/g) have the same sign. So
G /g is non-decreasing if G is log-concave.

Ec
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The Cartel is maximizing its expected informational rents, and has preferences that are approxi-
mately opposed to those of the platform. Unconstrained, the Cartel would like to pick the winner
from among the firms with the highest realized costs, since A(¢;) is non-decreasing under the stan-
dard regularity condition. This is not implementable for a simple reason: every firm would then
report that it was the highest type that wins with positive probability to the Cartel in order to max-
imize its payment and probability of being selected to bid and win in the auction. Consequently,
every Cartel-optimal solution will involve pooling when A(¢;) is non-decreasing.

Consider mechanisms in which the Cartel partitions [c, R] by a set of interior points C =
{c1,¢9,...,cr}, with the notational convention that ¢y = ¢ and ¢;y; = R. To each sub-interval
there corresponds a bid: [c, c1) to by, [¢1,c2) to be, ..., and [cr, R] to R. Denote these bids by B. We
call this kind of mechanism a round-bidding strategy. Ultimately, focusing on round-bidding strate-
gies is without loss of generality, because as many interior types are added to the same interval,

the probability of a tie in that interval tends to zero, and strict separation occurs in the limit.

Proposition 2. If A(¢;) is non-decreasing on [c, R], then the optimal mechanism for the Cartel is

a round-bidding strategy. Optimal mechanisms exist.

Any mechanism with a strictly separating interval can be improved upon: by using the ironing
procedure of Mussa and Rosen (1978) and Myerson (1981) and pooling those types into one report,
the expected informational rents from that interval increase. Full separation on any sub-interval is
sub-optimal, since some amount of pooling can reduce competition and raise expected informational
rents.

The intuition for this result is that the informational rent A(¢;) is a non-decreasing function,

but any incentive compatible mechanism must have a non-increasing probability of winning.

Dynamic enforcement and round bidding. Can the Cartel achieve the static optimum in
a repeated game when monitoring and enforcement are required? A key assumption of the static
analysis is that the Cartel can commit to the mechanism (e.g., Doval and Skreta (2022), Skreta
(2006)). For an example of commitment, in an auction to sell a good the auctioneer can threaten
to refuse to consider bids below the reserve price but this might not be credible in practice. In
this environment, a similar issue becomes relevant: the firms do not report to the Cartel who bids
for them, they place bids themselves, and will be tempted to renege on the Cartel’s agreement
once they know their private information. The extent to which the Cartel can enforce discipline is
therefore limited by its ability to detect and punish deviations. Bids are not submitted to the Cartel
directly, but to the platform, and the individual Cartel members’ bids are largely unobservable to
the Cartel as a whole. If all Cartel members are supposed to adopt the round-bidding strategy or
withdraw when their costs exceed the reserve price, then low-cost types will be tempted to undercut
round bids and win with strictly higher probability and make arbitrarily similar payments. If this

kind of deviation isn’t somehow monitored and punished, Cartel discipline crumbles.
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With fully separating equilibria and public monitoring of just the winning bid, every history
is approximately (up to withdrawals by firms with costs above the reserve price) measure zero, so
deviations can only be inferred from examining the statistical properties of long histories to detect
anomalies. With round-bidding strategies, however, compliance can be directly observed from the
history of the winning bid: if it is on-B, the Cartel has followed the agreement, and if any off-BB
winning bids are observed, someone has necessarily cheated. Thus, unlike with fully separating
equilibria, deviations can be detected and punished instantly with round bidding.

Let the firms’ common discount factor be given by §. Then B is enforceable for § if there exists
some set of strategies in the infinitely repeated game for which there are no profitable deviations
from bidding on-B after any history. The static unprofitability of strict separation on any interval

actually facilitates dynamic enforcement.

Theorem 3. If the discount factor § is sufficiently close to 1, any incentive compatible round-
bidding strategy B is enforceable. For a fixed discount factor &, there exists a most profitable
incentive compatible round-bidding strategy B* that is enforceable for §. As § increases, the optimal

round-bidding strategy has weakly fewer bids.

So when the Cartel cannot commit to a mechanism, the optimal grid B becomes a function
of temptation as well as collusive motives. Relatively impatient cartels can reduce the benefits
of deviating and undercutting high on-B bids by introducing more bid increments, compensating
compliance with a higher probability of winning. This keeps competition soft relative to the fully
separating equilibrium, but reduces the temptation for lower cost firms to deviate. As the discount
factor goes to zero, only the fully separating equilibrium is incentive compatible and enforceable as
the limit of a round-bidding strategy with infinitely many increments, and as the discount factor
goes to one, any incentive compatible round-bidding strategy is enforceable. For intermediate
values of §, the optimal B will be finite but become denser as firms become more impatient. This
rationalizes the existence of relatively rich but finite grids, when the static solution suggests an
extremely coarse one that includes only the reserve price R and the non-cooperative Bayesian Nash
equilibrium has full separation.

It is surprising that no coordination or communication by the Cartel is required for optimal
collusion. The pooling intervals are invariant to the realization of the firms’ cost types, so the
optimal cartel does not need to run a pre-auction knockout or otherwise exploit idiosyncratic and
transient private information to determine the winner. Likewise, there is no ‘turn-taking’ or ‘phases
of the moon’ coordination that might be detected using forensic algorithms. Firms bid in what
appears to be an uncoordinated and competitive fashion, hiding their collusive behavior in round
bidding that can be shrugged off as boundedly rational behavior. In the context of Senegal, this
is essential, because it means the Cartel does not actually have to coordinate its behavior from
auction to auction on tight deadlines: truckers optimally coordinate by using the round-bidding

scheme.
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Secret reserve prices. The model used a fixed reserve price R and subsequent analysis assumed
that the household’s willingness-to-pay W was known to the platform, which presumably set the
optimal reserve price in the standard way, as ¢(R) = w. In reality, the households’ willingness-
to-pay vary from job to job and are unknown to the platform in advance. One alternative way
to model the household’s accept-or-reject decision is as a secret reserve price: if the distribution
function for the household’s willingness-to-pay W is Fy(w), then the probability a bid b; is accepted
is R(b;) =1 — Fy(b;).

This creates an additional margin that complicates the Cartel’s problem. Higher bids are now
more likely to be rejected, so that colluding on a high price is not necessarily profit maximizing, since
there is a continuous trade-off between the probability of a bid being accepted and job remuneration,
as opposed to a single reserve price where the probability the bid is accepted goes from one to zero.

The presence of a secret reserve price thereby impacts the structure of the optimal partition.
When the Cartel’s problem is locally concave because the secret reserve price and likelihood of
rejection dominate, there will be separation in bidding as above, and when the Cartel’s problem
is locally convex and the non-decreasing information rent dominates, it will employ pooling. So
the exact analytical properties of the optimal solution can be determined from an optimal control
approach, but the qualitative properties are similar.

Proof of Proposition 2:

Proof. Consider some candidate non-increasing p*(c) function. Since p*(¢) is a non-increasing and
bounded function on a compact interval, it has at most a countable number of jump discontinuities.
Take any interval (a,b) on which p*(c) is continuous and strictly decreasing.

Since the mechanism is fully separating on this interval and incentive compatible, the probability
of winning can be decomposed into the probability of having the lowest type, multiplied by the

conditional probability of winning at all, conditional on the reported type, a(c;),
(1-— G(Ci))N_IOé(CZ').

Since p* is continuous on (a,b), a(c;) must then be continuous as well.
Consider ironing this interval, so that all types in (a,b) make the same report and receive
the same probability of winning. The probability of being randomly selected as the winner given

conditional on reporting a type in this interval is

N-1

p= ]Z; j i 1 jl(](\/'N_ll)'jy (1 - G(b))Nilij(G(b) - G(CL))]
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This can be rewritten as

N-1
NGO -G = ¥ Ty - GG - Gy
N NI . )
= Z m(l — GO)N(G(b) - Gla))
j=1

Note that the right-hand side is similar to the distribution of an order statistic, except for the
truncation at G(a). The standard induction arguments provided in Proposition 4 below, however,

reduce it to the quantity
b
H(a,b) = [ N G@) gla)d

so that
5 L NU=G@) gy _ [J(1 = G@)g(a)de -
N(G(b) - G(@) GO = Gla)

Notice that this quantity can be written

p=E[1-G()N e <z <)

Now, by the mean value theorem, there exists an a@ = «(§),€ € (a,b), such that

b b
[ 1= 6@ ta@r@ens = [ (1= G@)Y A@g@dsa.

Imagine ironing (a,b), and giving those who bid ¢; € (a,b) the probability pa of winning, which
is feasible with respect to the monotonicity condition because p*(a)a(a) > pa. Now consider the

comparison
b b
/ (1 - G(@)"a(z)A(z)g(x)dx i/ paA(z)g(x)dz,
or, by previous calculations, this also equals
b N ot
[ 0= 6@ @@z 2 [ pA@gla)da,

or

YA G gla) O R
L e O 2 | e g

Considering the left-hand side of the inequality, define

L-GE@)" ' g(@)

w(x) =
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Then f; w(x)dz = 1, since p = E[(1-G(x))V!|a < = < b] is the conditional mean of (1—G(z))N~!
on (a,b). Likewise, f; dG(z)/(G(b)—G(a)) = 1 on the right-hand side. But w(x) places more weight
on low values of x compared to g(z)/(G(b) — G(a)), and less weight on high values of x. Since A(z)
is non-decreasing,?! that implies the left-hand side must be weakly less than the right-hand side,
and ironing the interval is weakly profitable. Ironing this way is feasible since it does not violate
any monotonicity constraints, and indeed relaxes them on subsequent intervals of the type space.
Therefore, ironing any continuously separating interval raises the value of the objective without
violating any of the constraints.

Therefore, we can restrict attention to mechanisms in which there are no strictly decreasing

segments, and p*(c) is constant almost everywhere and non-increasing.

Optimal partitioning. Take any grid C C [¢, R]. The probability of winning when reporting a

type ¢; € [co—1,¢¢) is

N-1
pe=plecer) = ) 1-1FJ x m X (G(er) = Glee)) (1= Gleg))N 1
p= ! ! ]

Tie-breaking  Probability of j other bidders in the ¢-th bin, N — 1 — j in strictly higher bins
This depends only on ¢;_1 and ¢y, which was previously shown to equal

B H(cp_1,c¢q)
plee—1,¢0) = N(g(cg)z—lG(izfl)).

For a fixed L, a partition C that satisfies the monotonicity constraint exists since ¢y can be
selected to be very close to R, ¢y very close to ¢y, and so on. The probabilities that the higher
elements of the partition win are arbitrarily small and the entire {pg}le sequence is non-increasing.
This is a feasible point for any finite L, so the feasible set is non-empty. Call any such C admissible.

Take any admissible C. Then it determines B because we can write a set of indifference conditions

for all of the boundary types that must get the same payoff from b, and by 1,

pe(be — co) = pey1(bes1 — ), £=1,...,L

with terminal condition

pr(br —cr) = pr(R —cr).

The terminal condition can be solved for b7, in terms of R and cy,,

by, =cp, + pj(R— CL),
pL

2!'Note that if A(z) were decreasing, as v—¢(z), we would have the standard, opposite conclusion that full separation
is optimal.
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and then back-substituted through the rest of the conditions for a fixed C and by, to get by, using
the recursion
Pe+1
by =cp+ i(bg.;_l —¢y).
pe

The bids are therefore a continuous function of the type partition, B(C), and the mapping between

them means each is entirely determined by the other.

Let
N

H(cpo1,c0) =) m(G(CU — G(ee-1)Y (1= Gle)V

j=1
be the probability that the lowest of N draws is between cy_1 and ¢,. Then — using the same
calculations as for (6) to express p(cs—1,c¢) in terms of H(cy—1,ce) by way of Proposition 4 — the

Cartel’s expected payoff in a round in which all firms participate as intended is

L+1 e L+1
N plee, ) / Aa)g(x)de = H(c1, e)BA(0)]ce—1 < ¢ < ¢/ (7)
=1 Ce-1 =1

where the monotonicity constraint is??

= H{cg-1, c0) H(ce,coq1) _
PU= N (Gler) = Glee)) = N{Clerms) - Gla)) — Py

{=1,..L,
and the bids B(C) are determined by the backwards recursion

Pe+1
bﬁch—i—i(bf-i-l_cﬁ)a t=1,..,L
e
with boundary condition by 1 = cr41 = R.
Since the objective function is continuous in C and the constraints are all continuous weak
inequalities, the constraint set is a closed subset of [c, E]L and therefore compact. Therefore, a

solution to the problem exists for a fixed L, by the extreme value theorem.

Existence of a finite, optimal L. The previous work established existence of an optimal par-
tition C7, but not that there is a finite L that corresponds to a solution. In principle, the benefit
of adding additional sub-intervals to the mechanism might increase indefinitely, so that no solution

exists. The next part of the proof shows this is not the case.

H(co—1,ce)
(G(ee) — G(ee-1))

c¢—1, but this isn’t the case, because

looks like it might be poorly behaved (discontinuous, singular, etc.) as ¢, —

22 .
Th tit
e quantity -

| O NO-G@) g@ds [ N( = G@) Y g(@de (e — o)
lim p(ce—1,c0) = lim = lim

erlers cbees  N(Glee) = Glee1)) NG = Gl (e =y~ Gl

which is correct as the partition shrinks down to a single point.
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Define the widest implementable partition for L as the solution to
JY = max méin(Cg,l —¢p)?

subject to p(ce—1,¢¢) > p(ce, coy1) for £ =1, ..., L. Just like the interim profit maximization problem,
this one has a solution because the objective function is continuous and the constraints characterize
a closed subset of a compact set. This partition will maximize the minimum distance between its
elements in the type space, subject to being implementable. Note that this implies that any other
implementable partition C for any finite L must have some interval on which points are closer
together, by construction. The solution to this problem spaces the points of C}:V as far apart as
possible without violating incentive compatibility. As shown earlier, a solution exists for any fixed
L, so C‘L/V and JXV are well-defined for all L € N.

Consider what happens as L becomes large: the optimal partitions C‘L’V include more points that
are partitioning the same bounded set, so that JXV must be a non-increasing sequence bounded
below by a limit of zero. The probability of a tie then converges to zero almost everywhere, since

the odds of another firm being in the same sub-interval [¢, ¢ + A) goes to zero:

glfépA(C) =
. R} (N —1)! ; L
lim (1-G(c+A)YN + 2155 X SN T (Gle+A) = G(e)) (1 — Ge+ AN

= (1-G(e)".

But this implies that CXV gets arbitrarily close to implementing the assignment rule

1
B;(c) = { Hk = e = min; 5[}’
0, otherwise

1 € argmin;c;

which is the fully-separating solution. That is the decision rule that minimizes the Cartel’s objective
function by minimizing informational rents, so this limit mechanism cannot be optimal. More
formally, for any ¢ > 0, there exists a L and a sub-interval of [c, R] of strictly positive measure
where the difference in the sup-norm between the assignment rule based on C}V and p;(c) is less
than e, and on that particular sub-interval there is a strictly profitable deviation for the Cartel
that involves coarsening the partition to induce more pooling and less separation.

But CEV is the partition that spaces the points apart as widely as possible. Any other sequence
— particularly the one that corresponds to the optimal partition with L points for each L — is
going to exhibit the same phenomenon because it is not constructed to space the points as widely

as it can. For any £ > 0, there will be some sub-interval of [c, R] where the points are clustered
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together at least as tightly as C/V, and are even closer to the fully separating limit. Therefore, the
optimal sequence of partitions C; for L sufficiently large must have sub-intervals that include even
more points than CXV, and are even closer to full separation. For the same reason, this will result
in sub-intervals that are arbitrarily close to fully-separating as L becomes arbitrarily large, which
cannot be optimal if the Cartel is free to reduce L and adopt a coarser partition.

Define

L+1
L) = H(cp_ E _ .
J(L) mcaxez_; (co—1,c0)E[N(c)|co—1 < ¢ < ¢f]

Then there must be some finite L such that for L' > L, J(L) > J(L'). Then since the set {1, ..., L}
is compact, a solution to the problem max; , 7 J(L) must exist, which corresponds to the optimal
mechanism.

O
Proof of Theorem 3:

Proof. From Proposition 2, we know that strict separation on any interval is not profit-maximizing

for the Cartel, so attention can be restricted to round-bidding strategies on some grid B.

The Cartel’s problem with dynamic enforcement. Fix an incentive compatible round-
bidding strategy (C, B(C)) (see Proposition 2), and denote the expected payoff to a single compliant

Cartel member,
L+1

Z H(co—1,c0)E[A(c)|co—1 < ¢ < ¢
=1

1

AC) =

and the Bayesian Nash payoffs in the strictly separating equilibrium,

R c
* :/ (lG(ci))N_l)\(ci)dG(cl-)+/ 0dG (c;).

R

Consider a perfect public monitoring strategy of the type:

— Phase 1: Bid according to B. If the winning bid is on-B, stay in Phase 1, otherwise move to
Phase 2.

— Phase 2: Bid the non-collusive Bayesian Nash strategies

S - G(2)V e

b*(cl) =c; + (1 — G(Ci))Nfl

With probability v, stay in Phase 2, and with probability 1 — v, return to Phase 1.

The Poisson punishment is useful because the system of equations that describes the firms’ payoffs

is continuous in ¢ € [0, 1], while a discrete punishment period over N is not. Likewise, since the
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Cartel is programming its round-bidding strategy, it is advantageous to maximize over compact,

convex sets like [0, 1] that have convex images rather than a countably infinite set like N.

Semi-continuity and continuity of deviation payoffs. Because round-bidding creates dis-
continuities in the probability of winning as a function of the type report ¢, maximizers of the
optimal deviation problem will typically not exist. Instead, we require that compliance delivers
a better payoff than any available by deviating, and consequently, the supremum of the payoffs
achievable by deviating.

Notice that since only the winning bid is revealed to the Cartel, deviations are only detected
if the deviation wins the auction. It is logically possible that some type ¢; has a strictly profitable
deviation, but the deviation in bidding is not detected in a given period. As a consequence of the
One Shot Deviation principle, however, it suffices to consider a deviation from on-B bidding —
which might be detected and trigger a deviation, or not — followed by a return to compliance. The
intuition is that because we seek compliance, a deviation that is profitable and recurrent would
already constitute a contradiction. The goal is to deter even a single deviation from compliance
with a suitable punishment.

Let A(¢;,C) correspond to this supremum, the highest payoff a type ¢; can get when faced with

1 1@ <7r* 4 (11_7’?51&(6)>>

+(1 — pr[Lowest bid less than R|V]) <O + 5A(C)> } , (8)

the grid C from an optimal one shot deviation:

A(ci,C) = sup {pr[Lowest bid less than R[] <b/ — ¢+
b/

1-96

where the discounted value of the Poisson punishment is already calculated and included on the
first line. The consideration of the optimal deviation b’ is over the trade-off between winning and
triggering the punishment, versus getting the chance to strategically deviate again.
Since B(C) is a finite subset of [¢, R], there are a finite number of jump discontinuities in A(¢;, C).
Define
p%(¢;) =limsupp(c) and  b%(¢;) = limsup b(c),

eteq ctei
where (p,b) correspond to the round-bidding strategy. These are everywhere continuous except
at points on C and B, which correspond to the supremum of the values the function takes in that
neighborhood. Since the Revelation Principle guarantees that every game of incomplete information
has an alternative representation as a Direct Mechanism, we can substitute the functions pu? =
<pd, bd> into Equation (8) as a reporting game in which the deviator picks a type to report rather
than a bid.

68



Substituting these definitions yields

1 (1 —1)o 0
dr./ dr .t * d ./
b -+ — ———A(C 1- 0+ ——A(C
sup { ) (110 o+ =5 (v + L222000)) ) + (= e (04 1 25400)
and A(¢;, C) is actually an upper semi-continuous function, since the payoffs at the discontinuities
are now being adjusted up to the supremum of values that the function takes in an arbitrarily
small neighborhood of the points of discontinuity. A maximizer is then guaranteed to exist by an
extension of the Extreme Value Theorem to allow for upper semi-continuous objective functions,

allowing us to write

max {pd(c’) <bd(c’) —eit g _11% <7r* + (11__‘%)%(6))) + (1 —pd(c)) (o + 1fézx(C)))} .

With this adjustment, all type reports in the deviation mechanism p¢ except those on C are dom-

inated. These are the only points at which the probability of winning changes, and it jumps up,
so adopting an off-C report just reduces the payment the deviator might receive by reducing their
bid but holding the probability of winning constant since their opponents’ bids are only on B: why
further undercut yourself if you’ve already exploited the gains from undercutting the atoms? More
formally, if a firm is already undercutting some by, the probability p?(¢) of winning does not vary
on the interval [c;_2,c,_1), so there is no reason to further reduce one’s bid below b%(c’).

That means the maximization can be re-written as a simple linear programming problem in
which the ¢; type selects the probability of strategically undercutting each atom so that the payoff

approaches the supremum:

Jmax ;;w {pg <bg —oit 1_1w (W* + (11__1?%(0))) +(1-pd) <0 + 1faA(C)> } (9)

subject to 0 < 2y < 1 and ZeLzl xp = 1.

Now, the solution correspondence z* will be an extreme, bang-bang, solution. It will correspond
to a unique ¢, or the convex face of a fixed set of £’s which deliver the same expected payoff. Make
a deterministic selection from the correspondence £*(¢;) that is right-continuous in ¢;. Then the
maximum payoff to deviating is

— )0 o

4 d 7™ — 6N (C) 1)

The partition C picks out L bids B(C) along with the exogenous reserve price R, and only these

types and bids are relevant to deciding the optimal deviation. Since those bids and probabilities
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vary continuously in C, the payoff from the best undercutting bid likewise varies continuously in C,
and A(c;,C) is a continuous function in the partition and type. Then A*(¢;, C) varies continuously
in C, and the Theorem of the Maximum implies the value function also varies continuously in type

c;, as well as §.

Enforcement with variable 6. A particular round-bidding strategy (C,B(C)) is enforceable if,

for all ¢;,
) . 4 d 7 — oA (C) 4]
pe(be — ¢i) + 17—(5A(C) > A%(¢;,C) = D (cy) (bg*(ci) -G+ 1— 40 + 1_ (SA(C)-
Re-arranging the above inequality yields
PIA(C) — 7*
ple*(ci)l(_% > Pl ey Ve () =€) — pe(be — ). (10)

The right-hand side is non-negative, since the flow payoff of the best deviation must be weakly
greater than the flow payoff of honest reporting, or no deviation would be tempting. A simple
upper bound on the right-hand side is R — ¢;. On the left-hand side it must be the case that

A(C) > 7*, or the proposed collusive agreement would not be profitable. Further simplification

yields
d d
— * p*c,b*c,—ci — Pelbe —ci
VAQ) = Pty — ) mpebe ) (1)
1— 40 ¢ :
3 pf*(cl)
or D
™+
§>——".
V> R e+ D

Since the right-hand side is strictly less than one, there is a locus of pairs (U*, A*) C [0,1]? for
which any pair (¢,0) > (U*, A*) will satisfy the inequality. So for § sufficiently close to 1, there
is a punishment probability /() for which the proposed strategies constitute a sub-game perfect
Nash equilibrium and any incentive compatible (C,B(C)) is enforceable for 4.
Enforcement with fixed §. For a fixed C and 9§, enforceability is characterized by

A* (Ci7 C7 w) =

L
1 (1 —1)o 1)
d(1d * d
b —c; + ——— — A 1— —A 12
s, o (0o g (7 Bmta@) ) et (04 0@ |02

and the compliance constraint

02 &%(eiC.0) = (ilbe = ) + 1250 ) (13
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for all ¢; € [¢, R].
Since A*(¢;,C, 1) is continuous in its arguments and ¢; € [¢, R], the compliance constraints can

be subsumed into a single non-linear inequality,

* 0

0> p(C,¢) = max ¢ A*(¢;,C) — | pe(by — ;) + ——A(C) ) ¢ .
ci€lc,R] 1-96

Since p(C, ) is continuous in C and ¢ and the inequality is weak, the set of grids C = {ci,...,cp}

that satisfy the constraint is a closed subset of the set of all grids, G, and therefore compact.

Then the Cartel can solve the constrained maximization problem:

L+1
max H(co_1,co)E[XN(c)|cro1 <c<ec
M;(el 0)E[A(c)|ee—1 /]
subject to
0 > pC,¢)
H(Cgfl, Cg) H(Q, Cf+1)

Y

0=1,..,L.

N(G(cr) — G(ce-1)) N(G(cg1) — Gler))’

For a fixed 4 and small L, there might be no feasible points, even if 1) — 1 to maximize the severity
of the punishment for deviating. If the Cartel members are too impatient, it must add additional
bids to the grid to deter deviations, as in the case with a single reserve price bid R. However,
the constraint set is never empty, since as L goes to infinity, the fully separating equilibrium is
feasible and trivially enforceable. Therefore, a solution exists for the problem of maximizing Cartel
profits for a fixed § that generically involves multiple bid increments, since the above maximization

problem entails maximization of a continuous function over a compact set.

Comparative statics with §. Consider the correspondence I" that maps discount factors 6 €
(0,1) into a set of incentive compatible and enforceable partitions of C that is a subset of the
set of all grids, G. The monotonicity constraints are a set of L non-negativity constraints that
correspond to a non-empty subset of the set of all grids, G, for all L. The subset of G on which the
enforceability constraint is satisfied, however, might be empty for some L, as noted, but as L — oo,
the separating equilibrium becomes a feasible point in G for which the enforceability constraint is
satisfied, so there is always a solution to the Cartel’s problem, and I'(§) # @ for all § € (0,1).
Recall Equation (11),

YOAC) —m*

pg*(ci)(b?*(ci) —¢;) — pe(be — ¢i)
1 - ¢5 TG .

d
Py (c)

The right-hand side does not depend on § or v, and the left-hand side is non-decreasing in § and
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1. Then if ' > 6 and the constraint is satisfied for C at 0, the constraint is also satisfied at ¢’ > 9.
That implies that any C that is enforceable for § is enforceable for ¢’ > §, and T'(§’) D T'(d). Since
the Cartel prefers to minimize separation, it will only add additional bids to B if the enforcement
constraint binds, and if ¢’ > §, C*(¢") will have weakly fewer elements than C*(9). O

Proposition 4. The probability of winning by making a report in [ce—1,c¢) or bidding by is

_ H(ep_y,e)
pler-100) = FiGtar) - e
and
OHC1.4) N (1= e glen)
Ocy
Proof. Define
NN }
H(Cg_l, Cg) = Z j'(N — j)' (G(Cﬁ) - G(Cé—l))j(l - G(Cﬁ))N_]7
j=1

so that Hy(cg—1,¢c¢) = H(cp—1,ce). These are similar to the distributions of order statistics, so some

of the same recursion relations are satisfied, namely,

N!

FOIN R 1 G — Gle)) T = Gle) L (19)

Hy(co—1,c0) = Hg—1(co—1,¢0) — (

Define hy(cy—1,ce) = OHg(co—1,c)/Oce. We prove by induction that

N
k— 1IN — k)

hi(ce—1,ce) = ( (Gleo) = Gleem1)" (1 = Gler)V Fgleo). (15)

The base case is
Hy(co—1,¢0) = (Ger) — Glee—1))N (1 = Gley))°
with
ha(ce-1,c0) = N(G(er) — Glee-1)) tg(er),

so the result is true for the k = N case.

To complete the induction step, suppose that Equation (15) holds at the k™ step:

N
k— 1IN — k)

hi(ce—1,ce) = ( (Gleo) = Gleem1)" 11 = Gler)V Fgle). (16)
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Differentiating the recurrence relation, Equation (14), yields:

OHy(co—1,c0)  OHp_1(co—1,ce)
aCe 80@
N!
oy =y D6 — Glen) 21 - Gle Hg(an)

N1
* [(k— DN —k+1)

(V= k)(G(eo) = Glee)) M1~ G(Cz))N_kg(Ce)] :

The left-hand side and third line cancel out by the induction hypothesis, leaving

N!

hi—1(ce-1,¢0) = (=D DV = =1 (Gler) = Glee—1))F D711 = Glen)MFVg(er)

which is the desired expression for hj_1.
Finally, note that H(cy—1,¢¢) = Hi(co—1,¢¢) = Hi(co—1,c0-1) + fccf_l hi(cp—1,2)dz. Then, by

the Fundamental Theorem of Calculus,

Hane) = 0+ [ G s(6() = Glern) (1 - G g(2)d:
= /CZ N1 - G()Ng(2)dz,

as in Proposition 2. O
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